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IP1

Opening Remarks and Presentation: Transport
Methods for Stochastic Modeling and Inference

Transportation of measure underlies many powerful tools
for Bayesian inference, density estimation, and stochastic
modeling. A central idea is to deterministically couple
a probability measure of interest with a tractable refer-
ence measure (e.g., a standard Gaussian). Such couplings
are induced by transport maps, and enable direct simu-
lation from the desired measure simply by evaluating the
transport map at samples from the reference. In recent
years, an enormous variety of representations and construc-
tions for such transport maps have been proposedranging
from monotone polynomials, invertible neural networks,
and normalizing flows to the flows of ODEs. Within this
framework, one can describe many useful notions of low-
dimensional structure: for instance, sparse or decompos-
able transports underpin modeling and computation with
non-Gaussian Markov random fields, and low-rank trans-
ports arise frequently in inverse problems. I will present
an overview of this framework, and then focus on new de-
velopments for nonlinear ensemble filtering and likelihood-
free inference (LFI). Some of associated algorithms can be
understood as the natural nonlinear generalization of the
ensemble Kalman filter. Motivated by broader applications
in LFI and generative modeling, I will also discuss methods
for estimating monotone triangular maps from few samples,
and joint dimension reduction of parameters and data in
inference applications.

Youssef M. Marzouk
Massachusetts Institute of Technology
ymarz@mit.edu

IP2

Machine Learning in Data Assimilation and Inverse
Problems

Machine learning is emerging as an essential tool in many
science and engineering domains, fueled by extraordinar-
ily powerful computers as well as advanced instruments
capable of collecting high-resolution and high-dimensional
experimental data. However, using off-the-shelf machine
learning methods for analyzing scientific and engineering
data fails to leverage our vast, collective (albeit partial)
understanding of the underlying physical phenomenon or
models of sensor systems. Reconstructing physical phe-
nomena from indirect scientific observations is at the heart
of scientific measurement and discovery, and so a pervasive
challenge is to develop new methodologies capable of com-
bining such physical models with training data to yield
more rapid, accurate inferences. We will explore these
ideas in the context of inverse problems and data assim-
ilation challenges; examples include climate forecasting,
uncovering material structure and properties, and medi-
cal image reconstruction. Classical approaches to such in-
verse problems and data assimilation approaches have re-
lied upon insights from optimization, signal processing, and
the careful exploitation of forward models. In this talk, we
will see how these insights and tools can be integrated into
machine learning systems to yield novel methods with sig-
nificant accuracy and computational advantages over nave
applications of machine learning.

Rebecca Willett
University of Chicago

willett@uchicago.edu

IP3

Learning Physics-based Models from Data: Per-
spectives from Model Reduction

Operator Inference is a method for learning predictive
reduced-order models from data. The method targets the
derivation of a reduced-order model of an expensive high-
fidelity simulator that solves known governing equations.
Rather than learn a generic approximation with weak en-
forcement of the physics, we learn low-dimensional oper-
ators whose structure is defined by the physical problem
being modeled. These reduced operators are determined
by solving a linear least squares problem, making Opera-
tor Inference scalable to high-dimensional problems. The
method is entirely non-intrusive, meaning that it requires
simulation snapshot data but does not require access to
or modification of the high-fidelity source code. For prob-
lems where the complexity of the physics does not admit
a global low-rank structure, we construct a nonlinear ap-
proximation space. This is achieved via clustering to obtain
localized Operator Inference models, or by approximation
in a quadratic manifold. The methodology is demonstrated
on challenging large-scale problems arising in rocket com-
bustion and materials phase-field applications.

Karen E. Willcox
UT Austin
kwillcox@oden.utexas.edu

IP4

Remarks and Presentation: A New Age of Climate
Modeling: Evolving Risk Assessment in the Post-
Paris World

The infrastructure and underlying statistical assumptions
which informed the assessment of future climate impacts,
and how they relate to policy, remained fundamentally un-
changed for several decades. However, the period after the
Paris Agreement in 2016 has seen multiple changes to the
landscape which have altered how climate model output
is interpreted, and shifted what is urgently needed from
the climate modeling community. Firstly, emerging climate
signals have enabled an increasing capacity for constrain-
ing response from the multi-model ensemble of state of art
models. Second, rapidly evolving climate policy has shifted
the plausible scenario landscape, highlighting aspects of
model uncertain response which received little attention in
the past. Thirdly, a new generation of emulation tools have
provided a mechanism for rapid scenario testing and uncer-
tainty quantification, in some cases replacing the ensemble
of opportunity of complex models as the primary source of
information in assessment. These changes carry both new
opportunities and capacity for rapid policy impact assess-
ment, but also risks a systematic underestimation of tail
risks. In this talk, we discuss the rapidly evolving role of
statistics in climate assessment, and urgent challenges to
be addressed by the uncertainty quantification community
in a critical decade for climate action.

Benjamin Sanderson
Centre for International Climate and Environmental
Research
(CICERO), Oslo, Norway
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sanderson@cerfacs.fr

IP5

Uncertainty Quantification for Remote Sensing
Data

Remote sensing data are the premier source of information
available today for studying global environmental and cli-
mate phenomena. Disruptions brought about by changes
in the climate system on both short- and long-term scales
demand that we exploit this rich data source, but its com-
plexity, heterogeneity, and massive size present challenges.
Uncertainty quantification (UQ) is a key to overcoming
these issues because probabilistically defined uncertainty
is a common currency for understanding relationships be-
tween data and unknown, underlying truth. In remote
sensing today there are a raft of approaches to assigning
uncertainties, ranging from merely reporting empirically
derived biases and variances over specific spatio-temporal
domains, to full probabilistic characterization through in-
verse UQ methods such as MCMC. There are no generally
agreed-upon methods or protocols, and the user commu-
nity remains unsure of how to make use of uncertainty
information. More broadly, there are deep philosophical
questions about how to frame UQ in the remote sensing
context. In this talk I will discuss this framing, and use
it as a vehicle to identify leading research problems in the
development of uncertainty quantification methods for re-
mote sensing data and analysis.

Amy Braverman
Jet Propulsion Laboratory
California Institute of Technology
Amy.Braverman@jpl.nasa.gov

IP6

Closing Remarks and Presentation: Structural Un-
certainty Matters: How Strong Modelling Assump-
tions Misled on the Role of Lockdowns in the UK
Covid-19 Epidemic

Prominent studies from early (e.g. Flaxman et al. 2020,
Nature 584, 257-261) and later (e.g. Knock et al. 2021,
Science Translational Medicine) in the English Covid-19
epidemic conclude that full lockdowns were essential for
epidemic control. The studies used modern Bayesian com-
puting technology for parametric inference about epidemic
models, from a range of clinical and surveillance data. Such
models can be impressively rich in epidemic process detail,
but critical dynamic components are constrained to follow
simple parametric sub-models. These sub models are often
over-constrained, overstating structural knowledge and un-
derstating uncertainty. In particular, simple ad hoc para-
metric representations of the time course of the pathogen
reproductive number, R, or of contact rates, almost com-
pletely drive the conclusions about English lockdown effi-
cacy in the above studies. Replacing these restrictive sub
models with data driven spline based alternatives, leads
to the conclusion that infections were in decline and R¡1
before each English lockdown (Wood, 2021, Biometrics;
Wood and Wit, 2021, PLOS1). This confirms a May 2020
Bayesian deconvolution analysis estimating daily new in-
fections (incidence) from daily death data and direct inci-
dence estimates from the major statistical surveys of UK
Covid prevalence.

Simon Wood
Mathematical Sciences
University of Bath

simon.wood@ed.ac.uk

IP7

Title Tbd - Lakshminarayanan

Balaji Lakshminarayanan
Google Brain
balaji@gatsby.ucl.ac.uk; balajiln@google.com

SP1

Remarks and Presentation: SIAG/Uncertainty
Quantification Early Career Prize Lecture - Scal-
able Gaussian Process for Computer Model Emu-
lation and Uncertainty Quantification

Computer experiments are ubiquitously used in science and
engineering, yet the computational complexity can prohibit
its applications for many large-scale systems. In this talk,
we will introduce the Gaussian process emulator as a sur-
rogate model for approximating computer model simula-
tions and uncertainty quantification. The new results con-
cern emulating computer models with massive coordinates,
high-dimensional inputs and functionals. We will review
the stochastic differential equation representation of Gaus-
sian processes with Matern covariance, and applications of
Kalman filter, as exact, computationally efficient alterna-
tives. Our extensions include the generalized probabilistic
principal component analysis and Gaussian orthogonal la-
tent factor processes, for modeling incomplete matrix ob-
servations of correlated data. We have developed software
packages in R and MATLAB that implement the Gaus-
sian process emulator and some of the computationally
scalable alternatives. Applications include emulating the
TITAN2D model of pyroclastic flows, ground deformation
simulation by COMSOL Multiphysics, ab initio molecular
dynamics simulations, and cellular migration simulations.

Mengyang Gu
Department of Statistics and Applied Probability
University of California, Santa Barbara
mengyang@pstat.ucsb.edu

CP1

Robust Prediction Interval Estimation for Gaus-
sian Processes by Cross-Validation Method

Gaussian Processes are considered as one of the most im-
portant Bayesian Machine Learning methods. They typ-
ically use the Maximum Likelihood Estimation or Cross-
Validation to fit parameters. Unfortunately, these methods
may give advantage to the solutions that fit observations
in average, but they do not pay attention to the cover-
age and the width of Prediction Intervals. This may be
inadmissible, especially for systems that require risk man-
agement. Indeed, an interval is crucial and offers valuable
information that helps for better management than just
predicting a single value. In this work [N. Acharki et al.,
Robust Prediction Interval estimation for Gaussian Pro-
cesses by Cross-Validation method, arXiv : 2106.05396],
we address the question of adjusting and calibrating Pre-
diction Intervals for Gaussian Processes Regression. First,
we determine the model’s parameters by a standard Cross-
Validation or Maximum Likelihood Estimation method
then we adjust the parameters to assess the optimal type
II Coverage Probability to a nominal level. We apply a
relaxation method to choose parameters that minimize the
Wasserstein distance between the Gaussian distribution of
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the initial parameters (Cross-Validation or Maximum Like-
lihood Estimation) and the proposed Gaussian distribution
among the set of parameters that achieved the desired Cov-
erage Probability.

Naoufal Acharki
Ecole Polytechnique
TotalEnergies SE
naoufal.acharki@polytechnique.edu

Josselin Garnier
Ecole Polytechnique
josselin.garnier@polytechnique.edu

Antoine Bertoncello
TotalEnergies SE
antoine.bertoncello@totalenergies.com

CP1

Multi-Fidelity Gaussian Process Regression for
High-Dimensional Code Outputs Using Wavelet
Transform Covariance

Gaussian process regression is widely used to emulate the
output of an expensive computer code. Our work fo-
cuses on 1) multifidelity computer codes, which can be
run with different levels of accuracy and cost and 2) high-
dimensional code outputs, typically time series. We pro-
pose to extend the auto-regressive co-kriging model origi-
nally proposed by Kennedy-O’Hagan to high-dimensional
outputs by choosing an appropriate covariance structure in
the space of wavelet coefficients. We show that the result-
ing surrogate model performs better in terms of prediction
errors and uncertainty quantification than standard dimen-
sion reduction techniques. This talk extends the recent
preprint [arXiv:2109.11374].

Baptiste Kerleguer
CEA, DAM, DIF
CMAP, Ecole polytechnique
baptiste.kerleguer@polytechnique.edu

Claire Cannamela
CEA, DAM, DIF
F-91297 Arpajon, France
claire.cannamela@cea.fr

Josselin Garnier
Ecole Polytechnique
josselin.garnier@polytechnique.edu

CP1

Emulating Computationally Expensive Dynamical
Simulators Using Gaussian Processes

A Gaussian process (GP)-based methodology is proposed
to emulate computationally expensive dynamical computer
models or simulators. The method relies on emulating the
short-time numerical flow map of the model. The flow map
returns the solution of a dynamic system at an arbitrary
time for a given initial condition. The prediction of the
flow map is performed via a GP whose kernel is estimated
using random Fourier features. This gives a distribution
over the flow map such that each realisation serves as an
approximation to the flow map. A realisation is then em-
ployed in an iterative manner to perform one-step ahead
predictions and forecast the whole time series. Repeating
this procedure with multiple draws from the emulated flow

map provides a probability distribution over the time se-
ries. The mean and variance of that distribution are used
as the model output prediction and a measure of the as-
sociated uncertainty, respectively. The proposed method
is used to emulate several dynamic non-linear simulators
including the well-known Lorenz attractor and van der Pol
oscillator. The results show that our approach has a high
prediction performance in emulating such systems with an
accurate representation of the prediction uncertainty.

Hossein Mohammadi
University of Exeter
h.mohammadi@exeter.ac.uk

Peter Challenor
College of Engineering, Mathematics and Physical
Sciences
University of Exeter
p.g.challenor@exeter.ac.uk

CP1

Automatic Covariance Structure Discovery for
Gaussian Processes Though MCMC Sampling of
Kernel Algebra

A recurring problem in Gaussian Process (GP) models is
the specification of an appropriate covariance kernel. Cur-
rent designs are dominated by pre-existing generic forms
and as such, even with expert knowledge, may produce
sub-optimal fits. As new kernels can be synthesised from
existing ones, for any given modelling problem there is an
infinite kernel space and associated optimality distribution
which can be learned. This allows for uncertainty quantifi-
cation (UQ) over the kernel space, with significant impli-
cations for GP inference. A novel MCMC scheme is pro-
posed that operates over kernel algebra to sample its pos-
terior distribution, automatically discovering novel covari-
ance structures. This approach constructs complex kernels
without requiring Deep GP modelling techniques, which
may significantly prevent loss of interpretability. Further-
more, the sampler has the potential to discover approxi-
mations or equivalencies to deep GP models, fostering new
discussions on hierarchical modelling practices. A complete
workflow inclusive of proposal construction, control priors
and convergence metrics is presented. Sampling is verified
exhaustively over subsets of kernel space for case studies
up to 10 dimensions. Modal kernels from the posterior are
compared against competing kernel designs from statistics
and machine learning fields, including deep GP models and
the Automatic Statistician greedy search methodology an
important precursor to our MCMC development.

Christopher Parton-Fenton, Daniel Williamson
University of Exeter
cf502@exeter.ac.uk, d.williamson@exeter.ac.uk

Derek Bingham
Simon Fraser University
derek bingham@sfu.ca

CP1

Mixed-Variable Latent Variable Gaussian Process
Modeling for Adaptive Learning and Bayesian Op-
timization

Real engineering applications of surrogate modeling often
involve both discrete (categorical) and continuous inputs.
Existing machine learning (ML) models that can handle
mixed variables as inputs require a large amount of data
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but do not provide uncertainty quantification that is cru-
cial for sequential (adaptive) design of experiments. We
have developed a novel Latent Variable Gaussian Process
(LVGP) based ML approach that involves a latent variable
(LV) representation of qualitative inputs, and automat-
ically discovers a categorical-to-numerical nonlinear map
that transforms the underlying high dimensional physical
attributes into the LV space. The nonlinear mapping also
provides an inherent ordering and structure for the levels
of the qualitative factor(s), which leads to substantial in-
sight and explainable ML. Our LVGP approach inherits
all advantages of GP methods. Specifically, LVGP pro-
vides uncertainty quantification of prediction which is crit-
ical for adaptive sampling to sequentially choose samples
based on current observations and the method also offers
easy integration with Bayesian optimization (BO) or other
reinforcement learning strategies for the purpose of design
optimization. The benefits of our method for surrogate
modeling, adaptive learning, and Bayesian Optimization
will be demonstrated through examples in design of engi-
neered materials systems.

Wei Chen, Anton Van Beek
Northwestern University
weichen@northwestern.edu, antonvan-
beek2022@u.northwstern.edu

CP1

Representation of Stochastic Processes via Cou-
pling of State-Dependent Random Fields with
Time-Dependent Stochastic Processes of State

In this paper, a methodology is presented for the multi-
fidelity modeling of stochastic processes through the cou-
pling of dependencies of random responses on state and the
state on time. For multi-fidelity modeling, phenomenolog-
ically similar states have to be evaluated together and the
feasibility of efficient numerical approximation of highly
dynamic transient behavior has to be ensured. For this
purpose, the approximation of non-Gaussian random fields
of Quantities of Interest is conducted using Karhunen-Love
Expansions (KLE) on a discrete state space. In addi-
tion, the stochastic process of state with respect to time
is also approximated using KLE. The random variables
within the KLE are represented by Polynomial Chaos Ex-
pansions (PCE), thus creating the connection between the
KLE and the physical uncertain parameters. By substi-
tution of the stochastic state, the state-dependent ran-
dom fields describing Quantities of Interest along with the
time-dependent stochastic process of state, yield the time-
dependent stochastic process of Quantities of Interest. The
developed methodology is applied for the assessment of un-
certainties within a buoyancy-driven mixing process inside
the Differentially Heated Cavity (DHC) of aspect ratio 4.
It is found that stochastic processes of Quantities of Inter-
est like the Nusselt-number are well represented through
this methodology.

Philipp J. Wenig
Bundeswehr University Munich
Werner-Heisenberg-Weg 39, 85577 Neubiberg, Germany
philipp.wenig@unibw.de

Stephan Kelm
Forschungszentrum Jülich GmbH
52425 Jülich, Germany
s.kelm@fz-juelich.de

Markus Klein
Bundeswehr University Munich

Werner-Heisenberg-Weg 39, 85577 Neubiberg, Germany
markus.klein@unibw.de

CP2

Estimating Time-Varying Parameters via Compu-
tational Filtering

Estimating and quantifying uncertainty in unknown sys-
tem parameters remains a big challenge in many scien-
tific applications. In addition to static parameters, sys-
tems may rely on parameters that vary with time but have
unknown (or uncertain) dynamics and/or cannot be di-
rectly measured. This talk will address new approaches
using computational filtering to address time-varying pa-
rameter estimation inverse problems in deterministic dy-
namical systems, with emphasis on how uncertainty in the
parameter estimates affects the corresponding model pre-
dictions. Results will be demonstrated with numerical ex-
amples from nonlinear dynamical systems.

Andrea Arnold
Worcester Polytechnic Institute
anarnold@wpi.edu

CP2

Machine Learning-Based Ensemble Kalman Filters
for Joint Learning of States and Dynamics

Learning both latent dynamics and states from time-
evolving high-dimensional observation data is a challeng-
ing problem in the fields of data assimilation, time series
modeling and uncertainty quantification. The ensemble
Kalman filters (EnKFs) have been developed as a pow-
erful tool to infer latent states when one has full knowl-
edge about the latent dynamics. However, in real world
applications one may only have partial or zero knowledge
about the latent dynamics. To tackle this issue, we propose
auto-differentiable ensemble Kalman filters (AD-EnKFs),
where the unknown parameters of the latent dynamics can
be identified through gradient-based maximum likelihood
estimation, and the data log-likelihood can be estimated
as a by-product of EnKF. In doing so, AD-EnKFs lever-
age the ability of ensemble Kalman filters to scale to high-
dimensional latent states and the power of automatic dif-
ferentiation to train high-dimensional surrogate models for
the latent dynamics. Numerical results on chaotic systems
like Lorenz-63 and Lorenz-96 show that AD-EnKFs outper-
form existing methods that use expectation-maximization
or particle filters to learn both latent dynamics and states.
Moreover, AD-EnKFs can be applied to learn data-driven
reduced order models, where the dimension of latent states
can be far less than the dimension of observation data.

Yuming Chen, Daniel Sanz-Alonso, Rebecca Willett
University of Chicago
ymchen@uchicago.edu, sanzalonso@uchicago.edu, wil-
lett@uchicago.edu

CP2

Adaptive Importance Sampling for Seismic
Fragility Curves Estimation

As part of Probabilistic Risk Assessment studies, it is nec-
essary to study the fragility of mechanical and civil engi-
neered structures when subjected to seismic loads. This
risk can be measured with fragility curves, which express
the probability of failure of the structure conditionally to
a seismic intensity measure. The estimation of fragility
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curves relies on time-consuming numerical simulations, so
that careful experimental design is required in order to
gain the maximum information on the structures fragility
with a limited number of code evaluations. We propose
and implement an active learning methodology based on
adaptive importance sampling in order to reduce the vari-
ance of the training loss. Numerical simulations of an
elasto-plastic oscillator and an industrial water piping sys-
tem have been performed in order to validate our active
learning procedure. Theoretical guarantees of convergence
have also been assessed. A preprint is available on Arxiv
(https://arxiv.org/abs/2109.04323).

Clement Gauchy
CEA, Service d’Etudes Mecaniques et Thermiques
clement.gauchy@polytechnique.edu

CP2

UQ Explorations: Atmospheric Temperature and
Humidity Profile Retrievals from High-Resolution
Infrared Radiation Sounder

A long-term atmospheric temperature and humidity profile
dataset based on high-resolution infrared radiation sounder
(HIRS) observations from 1979-present has been developed
for climate applications. The remote sensing retrieval al-
gorithm is based on a neural network scheme where the
networks are trained with emulated satellite sounder mea-
surements from radiative transfer model simulations and
the input atmospheric profiles. Previous work has demon-
strated the stability and accuracy of the multi-satellite time
series for the more than a dozen satellites constituting the
40+ year time series. Independent observation platforms,
including other satellite retrievals as well as radiosondes,
have validated the approach. To further improve the utility
of the dataset for the user community, we are developing
associated uncertainty quantification (UQ) measures. UQ
methods that may be applied to deep learning algorithms
are abundant in the literature. For this application, we ex-
plore several candidate methodologies: bootstrap model,
Monte Carlo dropout, and deep ensembles. Evaluation of
the candidate UQ approaches are made based on the abil-
ity of the method to correctly estimate prediction interval
coverages.

Jessica L. Matthews
North Carolina State University
jessica.matthews@noaa.gov

Lei Shi
NOAA
lei.shi@noaa.gov

Yuhan Rao
North Carolina Institute for Climate Studies
North Carolina State University
yrao5@ncsu.edu

CP2

Addressing Model Inadequacy in Inverse Uncer-
tainty Quantification for Fuel Performance Model-
ing by using a Hierarchical Statistical Formulation

The nuclear industry uses fuel performance modeling to
demonstrate integrity preservation of fuel rods. These
codes include a complex system of models with many em-
pirical constants that one must calibrate so that the output
of the code agrees with measurement data. This process is
called code calibration and has traditionally included fit-

ting best-estimate and conservative models. Lately, the fo-
cus has increased on improved inverse-uncertainty quantifi-
cation (IUQ) methods to replace over-conservative models
developed in the past. However, IUQ is challenging for fuel
modeling for several reasons, e.g., many models approxi-
mate the physics, many nuisance parameters are present,
etc. This study investigates a method that addresses un-
known uncertainties in code calibration by adapting the
covariance matrix of the model parameters so that the
propagated uncertainty conforms with the spread of the
residuals. We do this by assuming a hierarchical model
and a Gaussian variability in the calibration parameters.
We then use a marginalized formulation proportional to
the posterior density of the hyper-parameters (mean and
covariance) and sample this using Markov Chain Monte
Carlo. The is applied to various synthetic test-beds rele-
vant to fuel performance models (e.g., cladding oxidation,
fission gas release, etc.) to demonstrate its applicability.

Gustav Robertson, Henrik Sjöstrand, Peter Andersson
Uppsala University
gustav.robertson@gmail.com,
henrik.sjostrand@physics.uu.se,
peter.andersson@physics.uu.se

Paul Blair
Westinghouse Electric Sweden, Väster̊as, Sweden
blairpr@westinghouse.com

CP3

Prior Covariance Constraints for Bayesian Stochas-
tic Inversion of Computer Models

Stochastic inversion problems are typically encountered
when it is wanted to quantify the uncertainty affecting
the inputs of computer models. They consist in estimat-
ing input distributions from noisy, observable outputs, and
such problems are increasingly examined in Bayesian con-
texts where the targeted inputs are affected by a mixture
of aleatory and epistemic uncertainties. While they are
characterized by identifiability conditions, constraints of
”signal to noise” have to be took into account within the
definition of the model, prior to inference. In addition
to numeric conditioning notions and regularization tech-
niques used in inverse problems, this article proposes and
investigates an interpretation of a meaningful solution, in
the context of parametric uncertainty quantification and
global sensitivity analysis, based on the degradation of
uncertainty-related indicators (variance, entropy, Fisher in-
formation), which can be translated by constraints on the
input covariance. Such prior constraints can be made ex-
plicit considering linear or linearizable operators. Simu-
lated experiments indicate that, when injected into the
modeling process, these constraints can limit the influence
of measurement or process noise on the estimation of the
input distribution, and let hope for future extensions in a
full non-linear framework, for example through the use of
linear Gaussian mixtures.

Nicolas Bousquet
EDF & Sorbonne Université
nicolas.bousquet@edf.fr

CP3

A Sur Version of the Bichon Criterion for Inversion

Nowadays, many inversion issues are present in industry.
In these problems, the goal is to find all sets of parameters
such that a quantity of interest respects a given constraint,
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for example remains below a threshold. In the field of
floating wind for instance, a pre-calibration step consists
in estimating model parameters that fit the measured data
(e.g., accelerations), with a given accuracy. An effective
way to solve this problem is to use Gaussian process re-
gression with a Design of Experiment (DoE), sequentially
enriched by an inversion-adapted acquisition criterion such
as Bichon. A class of enrichment criteria is the SUR (Step-
wise Uncertainty Reduction) class, which quantify the un-
certainty reduction that can be achieved by the addition
of a new point. The goal of this work is to propose a SUR
version of the Bichon criterion. The proposed SUR Bichon
strategy is defined by integrating the Bichon criterion on
the design space. Performances of the SUR Bichon cri-
terion are compared to some state-of-the-art criteria, on
common test functions. The SUR Bichon criterion shows
encouraging results compared to other conventional DoE
enrichment criteria, like the SUR Vorob’ev criterion. The
prospects for this work are adapting this criterion to more
complex data like functional uncertain input variables.

Clément Duhamel
Université Grenoble Alpes
clement.duhamel@inria.fr

Clémentine Prieur
Grenoble Alpes University
Jean Kunzmann Lab, INRIA project/team AIRSEA
clementine.prieur@univ-grenoble-alpes.fr

Céline Helbert
Institut Camille Jordan Ecole Centrale Lyon
celine.helbert@ec-lyon.fr

Miguel Munoz Zuniga
IFP Energies Nouvelles
miguel.munoz-zuniga@ifpen.fr

Delphine Sinoquet
IFP Energies nouvelles
delphine.sinoquet@ifpen.fr

CP3

Estimating Hyperparameters in Hierarchical
Bayesian Linear Inverse Problems

We consider a hierarchical formulation of the Bayesian in-
verse problems in which the forward operator is assumed
to be linear, and we treat unknown parameters associ-
ated with the noise and the prior as hyperparameters. We
marginalize over the unknown parameters and compute the
maximum a posteriori estimator over the marginalized dis-
tribution. We use Krylov subspace methods to accelerate
the computations of the nonlinear optimization technique.
We demonstrate the performance of our approach on sev-
eral synthetic test problems.

Khalil A. Hall-Hooper, Arvind Saibaba
North Carolina State University
kahallho@ncsu.edu, asaibab@ncsu.edu

Julianne Chung
Department of Mathematics
Virginia Tech
jmchung@vt.edu

Scot Miller
The Johns Hopkins University

scot.m.miller@gmail.com

CP3

Universal Upper Estimate for Prediction Errors
under Moderate Model Uncertainty

We present a method of sensitivity analysis for general dy-
namical systems subjected to deterministic or stochastic
modeling uncertainty. Using the properties of the unper-
turbed, idealized dynamics, we derive a universal bound
for the leading-order prediction error. Specifically, our es-
timates give upper bounds on the leading order trajectory-
uncertainty arising along model trajectories, solely as func-
tions of the invariants of the known Cauchy-Green strain
tensor of the idealized model. Our bounds turn out to be
optimal, which means that they cannot be improved for
general systems. This bound motivates the definition of
the model sensitivity (MS), a scalar quantity closely re-
lated to the finite time Lyapunov exponents (FTLE) of
the idealized model. We use nonlinear numerical models
of various complexities to demonstrate that the model sen-
sitivity provides both a global view over the phase space
of the dynamical system and, in some situations, a local-
ized, time-dependent predictor of uncertainties along tra-
jectories. We show that the mean-squared trajectory un-
certainty qualitatively follows the leading-order bound for
surprisingly long time intervals. In addition, we use simple
energy balance type models of the climate system to show
that the method is expected to scale to models of higher
dimensions.

Balint Kaszas, Philipp Bucholtz
ETH Zurich
bkaszas@ethz.ch, bucphili@student.ethz.ch

George Haller
ETH, Zurich
Switzerland
georgehaller@ethz.ch

CP3

A Variational Inference Approach to Inverse Prob-
lems with Gamma Hyperpriors

Hierarchical models with gamma hyperpriors provide a
flexible, sparse-promoting framework to bridge L1 and L2

regularizations in Bayesian formulations to inverse prob-
lems. Despite the Bayesian motivation for these models,
existing methodologies are limited to maximum a posteriori
estimation. The potential to perform uncertainty quantifi-
cation has not yet been realized. In this talk, we introduce
a variational iterative alternating scheme for hierarchical
inverse problems with gamma hyperpriors. The proposed
variational inference approach yields accurate reconstruc-
tion, provides meaningful uncertainty quantification, and
is easy to implement. In addition, it lends itself naturally
to conduct model selection for the choice of hyperparam-
eters. If time permits, we will illustrate the performance
of our methodology in several computed examples, includ-
ing a deconvolution problem and sparse identification of
dynamical systems from time series data.
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CP3

Bayesian Parameter Inference on Arbitrary Multi-
Resolution Polynomial Chaos Expansion Based
Surrogate Models

Bayesian parameter inference based techniques became an
integral part of the machine learning and data-driven un-
certainty quantification in the last years. Despite the in-
creasing power of the computational resources in the past
decades the straightforward approach, which requires high
number of model evaluations is still unfeasible for many
problems. Therefore, data-driven surrogate models are
very common for a variety of real-world applications. In
particular, the traditionally data-poor geophysical applica-
tions poses the challenge for the construction of an appro-
priate stochastic discretization. Arbitrary multi-resolution
polynomial chaos (aMR-PC) expansion based surrogate
models, which combine the data-driven principles of the ar-
bitrary polynomial chaos and multi-resolution based local-
ization, which allows reducing the Gibbs phenomena of the
polynomial representation of non-linear convection domi-
nated problems. The goal of our work is on the one hand
to provide the aMR-PC surrogate model based Bayesian
parameter inference and on the other hand to reduce the
number of the model evaluations, which are necessarily to
build a reliable surrogate model. Numerical experiments
demonstrate the performance and validate the accuracy
of the Bayesian parameter inference techniques on non-
intrusive implementation of aMR-PC in a non-linear hy-
perbolic scenario driven by several uncertain parameters,
which is relevant also in the field of environmental sciences.
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University of Stuttgart
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CP4

Bacterial Strain Design Using Active Subspaces

Salmonella can utilize a biodiesel waste product, glyc-
erol, to produce 1,3-propanediol (1,3-PDO), a common
commercial solvent. Experimental collaborators modify
Salmonella to sequester the two enzymes needed for this
pathway in microcompartments (MCPs), small protein-
bound shells that spatially segregate reactions. I formu-
lated a differential equation model of this system to com-
pare five candidate strains with different concentrations
of 1,3-PDO producing enzymes in the MCP. To rank the
strains, I considered quantities of interest (QoIs): prod-
uct yield, rate of production and toxicity level. Evaluating
QoIs on uniformly sampled parameters, restricted by phys-
ical constraints and prior measurements, is computation-
ally intractable. To efficiently generate QoI distributions,
I used Active Subspaces to identify parameter directions
that most affect each QoI. I then used maximin sampling
to produce a space-filling spread of parameter samples in
the active subspace while randomly perturbing the sam-
ples in the inactive subspace. This sampling reduced the
computational load by at most 5 orders of magnitude when
compared to a coarse grid sampling. The QoI distributions
converged with increasing numbers of samples. I used hy-
pothesis testing on the QoI distributions to predict optimal
producing strains.
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CP4

Modeling Transient Dynamics of Coarse-Grained
Molecular Systems

In recent years, the development of model reduction
and coarse-grained methodologies for studying large-scale
molecular systems that cannot be practically studied with
atom detailed molecular dynamics simulations is an active
research field. Defining the new effective coarse-grained
system, means finding the model which best represents the
reference system both in structure and dynamic proper-
ties. In the present work, we approximate the dynam-
ics of coarse-grained systems at the transient regime. We
approximate the short time non-Markovian dynamics by
Markovian dynamics with a time-dependent force field. We
present the application of the path-space force matching
method to retrieve the coarse space parametrized drift.
We follow a data-driven approach to estimate the fric-
tion kernel, calculating correlation functions directly from
the underlying all-atom Molecular Dynamics simulations.
The proposed model’s effectiveness is examined by compar-
ing its structural and dynamical properties with the corre-
sponding reference system. We also quantify the uncertain-
ties in the effective model due to the involved approxima-
tions and the limited size of the available microscopic con-
figurations by employing statistical methods. The method-
ology is illustrated for the molecular water system.
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CP4

Bayesian Learning Machines for Glioblastoma Mul-
tiforme Brain Tumor Evolution

With less than 5% of patients surviving 5 years following di-
agnosis, Glioblastoma multiforme (GBM) is the most com-
mon and aggressive form of primary brain tumor. We at-
tempt to model the evolution of Glioblastoma Multiforme
(GBM), the most common (and most aggressive) type of
human brain cancer. However, a significant amount of
uncertainty exists in the functional form of model equa-
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tions and parameterizations. This is due to the complex-
ity and lack of understanding of the processes involved,
along with patient-specific differences in brain cell density
and geometry. These challenges motivate the objective of
the present work, in which we implement the mathemat-
ical model for GBM in a rigorous PDE-based machine-
learning framework, utilizing the Dynamically Orthogo-
nal (DO) evolution equations corresponding to the GBM
model for effective dimensional reduction of the stochas-
tic model. We then try to integrate noisy and sparse (in
time) data extracted from magnetic resonance (MR) im-
ages of the patient into the model using a dynamics-based
Bayesian learning framework. Such a predictive, mathe-
matical model of the tumor growth could be very useful
in a clinical setting, in coming up with a patient-specific
treatment plan such as a chemotherapy schedule, or for the
timing to schedule a surgery.

Pierre F. Lermusiaux
MIT
pierrel@mit.edu

Abhinav Gupta
Massachusetts Institute of Technology
guptaa@mit.edu

Ali Daher
MIT
adaher@mit.edu

Wael H. Ali
Massachusetts Institute of Technology
whajjali@mit.edu

CP4

Revisiting Distribution Discrepancies in Nonpara-
metric Bayesian Classifiers for Microbial Abun-
dance Data

Amplicon analysis of targeted gene sequences remains a
popular technique for the identification of micro- and mac-
robiota due to its utility in environmental and climate re-
search, public safety, and forensic analysis. Performing
meaningful and unbiased classifications on such data, how-
ever, is difficult due both to the structure of the data and
a series of complex and uncertainty-prone procedures re-
quired to generate the data. To address this challenge,
Bayesian methods, especially nonparametric models, have
recently been favored in the literature for robust analysis
and classification of microbiome datasets. Unfortunately,
the utility of this approach can be limited by the distribu-
tional assumptions made for raw and relative abundances,
which may heavily underestimate higher-order moments
and sparsity properties of this data. In this work, using
both simulated datasets and data from environmental mi-
crobiomes, we used fitted beta mixture distributions to bet-
ter attain realistic priors and uncertainty quantification.
Samples were varied by location as well as by level of noise
reduction and model outcomes were evaluated by compar-
isons both to simulated truth and to existing results on
common datasets. Our results show that the implementa-
tion of the proposed methodology can be used to improve
the performance of existing models. This analysis could
also find application in other classification problems with
compositional data such as in the health sciences or geol-
ogy.
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CP4

Scalable Uncertainty Quantification Framework for
Spatio-Temporal Spread of Covid-19

Susceptible-Exposed-Infected-Recovered-Deceased
(SEIRD) compartmental models received widespread
attention in predicting the spatio-temporal spread of
COVID-19. However, numerous coefficients of these
coupled nonlinear PDEs are not precisely known, for
instance, due to uncertain disease transmission mecha-
nism, uncertain travel pattern of infected people. Hence
we adopt a stochastic version of the SEIRD PDEs with
spatio-temporally varying infection rates and population-
dependent diffusion coefficients (along with other random
system parameters). The numbers of the coupled PDEs
and the associated random model parameters increase
substantially due to stratification based on age-structure,
vaccine types, variants of COVID-19, disease severity (hos-
pitalization with/without ICU admission), co-morbidity
and public health interventions (quarantine, social dis-
tancing, travel restrictions). Sampling based uncertainty
quantification (UQ) methods become computationally
intensive for this large number of coupled stochastic
PDEs. Hence we exploit intrusive polynomial chaos
based UQ method combined with the overlapping domain
decomposition algorithm to tackle the large coupled
stochastic PDE based SEIRD model. We demonstrate the
numerical and parallel (weak and strong) scalabilities of
one-level and two-level Schwarz preconditioners against
the number of random input parameters, mesh resolutions
and the order of stratification.
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CP4

Nonparametric Estimation of the Reproductive
Rate in Generalized SEIR Models

We develop a non-parametric method to estimate the time-
dependent reproductive rate in generalized Susceptible-
Exposed-Infected-Recovered (SEIR) models. The repro-
ductive rate plays a central role in tracking infectious dis-
ease outbreaks at real time. It also measures epidemic
severity and effectiveness of virus control strategies. We
apply our methodology to study the severity and evolu-
tion of the Coronavirus 2019 outbreak in various Ameri-
can states. Our analysis reveals that virus control policies,
including travel restrictions and national lockdown orders
that close public meeting places, substantially reduced dis-
ease prevalence.
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CP5

Bayesian Calibration of Hypersonic Turbulent
Flow Models Using Machine Learning and Reduced
Order Modeling

In this work we study the efficacy of combining machine-
learning methods with projection-based model reduction
techniques for creating data-driven surrogate models of
computationally expensive, high-fidelity simulated physics
models. Such surrogate models are essential for many-
query applications e.g., engineering design optimization
and inverse problems or parameter estimation, where it
is necessary to invoke the high-fidelity model sequentially,
many times. Surrogate models are usually constructed for
individual scalar quantities. However, there are scenarios
where a spatially variable model output, e.g., a field needs
to be modeled as a function of the model’s input parame-
ters. We develop a method to do so, using projections to
represent spatial variability while a machine-learned model
captures the dependence of the model’s response on the in-
puts. The method is demonstrated on modeling the heat
flux and pressure on the surface of the HIFiRE geometry
in a Mach 7.16 turbulent flow. The surrogate model is then
used to perform Bayesian estimation of freestream condi-
tions and parameters of the SST (Shear Stress Transport)
turbulence model embedded in the high-fidelity flow sim-
ulator, using wind-tunnel data. The paper provides the
first-ever Bayesian calibration of a turbulence model for
complex hypersonic turbulent flows. We also provide an
easy-to-use Python library called tesuract, built on top of
the scikit-learn API, for building the surrogates used in
this work.

Kenny Chowdhary
Sandia National Laboratories
kchowdh@sandia.gov

Jaideep Ray
Sandia National Laboratories, Livermore, CA
jairay@sandia.gov

Chi K. Hoang
Sandia National Laboratory
ckhoang@sandia.gov

Kookjin Lee

Arizona State University
klee263@asu.edu

CP5

Deep Learning-Based Surrogate Modeling for Un-
certainty Quantification in Soil-Structure Interac-
tion Problems

Direct modeling of soil-structure interaction (SSI) prob-
lems calls for modeling the infrastructure, near-field soil,
and boundaries/interfaces to translate the far-field earth-
quake excitation and absorb the scattered outgoing waves.
On the other hand, a rigorous seismic performance assess-
ment of SSI problems calls for considering and propagating
uncertainties associated with the soil and structure proper-
ties and the excitation field characteristics. Monte Carlo-
based methods are the commonly used approach for this
purpose, which require running many forward simulations
and can become computationally expensive and not prac-
tical for large-scale SSI systems. A viable solution to this
problem is to replace the high-fidelity forward simulator
with a surrogate model to provide an accurate and fast
approximation of the high-fidelity simulator to accelerate
Monte Carlo-based uncertainty quantification tasks. In
this research, our primary goal is to determine the promises
of deep learning-based models as a surrogate to approxi-
mate the time-dependent response of SSI direct models.
Since the quantities of interest are time-dependent, the re-
current neural network is expected to perform better than
other architectures, and we have already tested this archi-
tecture’s predictive capability for a single degree of freedom
system to emulate the system’s dynamic response. In this
presentation, we will show the extension of this work to
elastodynamics and, more specifically, to SSI problems.
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CP5

Deep Learning Weather Uncertainty Quantifica-
tion for Earth Observation Satellite Mission Plan-
ning

To make full profit of Agile Earth Observation Satellites
(AEOS), it is important to acquire as many cloudless im-
ages as possible. However, nebulosity is uncertain and if
this uncertainty is not taken into account while computing
the mission plan of an AEOS (which is a scheduling prob-
lem) it can lead to large amounts of images taken that are
useless because they are too cloudy. There are two ways
to deal with this uncertainty: firstly, it can be reduced by
decreasing the time delta between the moment the weather
is predicted and the moment the image is taken. This re-
quires the ability to predict nebulosity on a short horizon,
which is challenging knowing that numerical weather fore-
casting is highly computationally demanding. Secondly,
robust scheduling techniques can be used by taking into ac-
count the probability of validation of an image during the
mission plan computation. However, this probability can
be computationally demanding to know. The present work
proposes to tackle those two problems using Deep Learn-
ing. Nebulosity data with 15 minutes time discretization
are publicly available. It gives the possibility to build short
term predictive models. Besides, DL models can also give a
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measure of confidence on the output which can be a highly
valuable information for planning. We demonstrate that
it can directly be used to evaluate the expectation of the
criteria to optimize the mission without the use of com-
putationally demanding techniques such as Monte Carlo.
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CP5

Machine Learning-Based Conditional Mean Filter:
a Generalization of the Ensemble Kalman Filter for
Nonlinear Data Assimilation

Filtering is a data assimilation technique that performs the
sequential inference of dynamical systems states from noisy
observations. Herein, we propose a machine learning-based
ensemble conditional mean filter (ML-EnCMF) for track-
ing possibly high-dimensional non-Gaussian state models
with nonlinear dynamics based on sparse observations. The
proposed filtering method is developed based on the con-
ditional expectation and numerically implemented using
machine learning (ML) techniques combined with the en-
semble method. The contribution of this work is twofold.
First, we demonstrate that the ensembles assimilated us-
ing the ensemble conditional mean filter (EnCMF) provide
an unbiased estimator of the Bayesian posterior mean, and
their variance matches the expected conditional variance.
Second, we implement the EnCMF using artificial neu-
ral networks, which have a significant advantage in repre-
senting nonlinear functions over high-dimensional domains
such as the conditional mean. Finally, we demonstrate the
effectiveness of the ML-EnCMF for tracking the states of
Lorenz-63 and Lorenz-96 systems under the chaotic regime.
Numerical results show that the ML-EnCMF outperforms
the ensemble Kalman filter.
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CP6

New Methodology to Avoid Overfitting in Bayesian
Neural Networks

Frequentist deep neural networks have two significant
shortcomings: the large number of weight parameters ren-
der them prone to overfitting, and their inability to ad-
equately handle uncertainty in the prediction. In recent
years, various regularisation schemes, such as early stop-
ping, weight decay, and dropout, have been proposed to
address the former issue, but they are still inadequate to
handle the latter. Conversely, Bayesian neural networks
(BNN) introduce uncertainties in the weights of the net-
work to address the latter concern, yet overfitting issue re-
mains as a serious concern. To address the aforementioned

challenges, we propose the nonlinear sparse Bayesian neu-
ral network (NSBNN) by exploiting the recently proposed
nonlinear sparse Bayesian learning algorithm (NSBL). It
aims to address the practical and computational challenges
involved in BNNs by 1) employing a sparsity inducing prior
based on the concept of automatic relevance determina-
tion (ARD) and Gaussian mixture model approximations
which permit semi-analytical calculation of Bayesian en-
tities. This algorithm provides optimal sparse BNN(s)
nested under a fully connected network by pruning redun-
dant weight parameters through the evidence optimization
procedure. The benefits of the NSBNN algorithm will be
highlighted in relation to BNN.
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CP6

Ptychographic Inversion and Uncertainty Quantifi-
cation Using Invertible Neural Networks

Ptychography is an essential imaging technique for high-
resolution and nondestructive material characterization;
however, its reconstruction requires solving a challeng-
ing large-scale nonlinear and non-convex inverse problem,
whose solution is nonunique. Therefore, a robust recon-
struction method with the capability of quantifying so-
lution quality is highly desirable. Motivated by the re-
cent success of invertible neural networks in solving inverse
problems, in this work, we explore its application to pty-
chographic reconstruction. Specifically, invertible neural
networks are employed to construct normalizing flows that
act as surrogates for the high dimensional posterior den-
sity. More importantly, this also allows for the uncertainty
quantification of the reconstruction: a desired capability
for judging the solution quality among many local minima
in the absence of ground truth, spotting spurious artifacts
and guiding future experiments using the returned uncer-
tainty patterns. The performance of the proposed method
is demonstrated on a synthetic sample with added noise
and in various physical experimental settings. The recon-
struction quality is found to be comparable with existing
methods.
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CP6

Bayesian Learning Machines for Discovering Dy-
namical Model Functions

We utilize and extend our rigorous PDE-based Bayesian
learning framework for simultaneous learning of state vari-
ables, parameters, parameterizations, constitutive rela-
tions, and differential equations of high-dimensional dy-
namical models. The Bayesian learning machines can dis-
criminate among existing models and now also extrapolate
into the space of models to discover newer ones. The ex-
tended framework combines our Gaussian Mixture Model
(GMM) - dynamically orthogonal (DO) filter for nonlinear
reduced-dimension Bayesian inference with novel schemes
from approximation theory and statistical learning the-
ory for discovering new terms and functional forms in
model equations. We also develop theory and methodology
for handling stochastic boundary conditions, and for per-
forming data-driven subspace augmentation using machine
learning methods to represent the missing uncertainty in
our reduced-dimension Bayesian inference. Results are
showcased for varied coupled fish-biogeochemical-physical
ocean dynamics.

Pierre F. Lermusiaux
MIT
pierrel@mit.edu

Abhinav Gupta
Massachusetts Institute of Technology
guptaa@mit.edu

CP6

Multi-Fidelity Hamiltonian Monte Carlo Method
with Deep Learning-Based Surrogate

In recent years, the Hamiltonian Monte Carlo (HMC)
method has emerged as a state-of-the-art MCMC tech-
nique that exploits the geometry of the target distribution
to generate samples in an efficient manner. Despite its in-
creasing popularity and impressive empirical success, its
wide-scale adoption is still limited due to the high compu-
tational cost associated with gradient calculation. More-
over, the application of this method is simply not possi-
ble in scenarios where the gradient of the target posterior
distribution cannot be computed (for example, with black-
box simulators and/or with non-differentiable priors). To
overcome these challenges, we propose a novel two-stage
Hamiltonian Monte Carlo algorithm with a deep learning
(DL)-based surrogate forward model. Splitting the stan-
dard HMC algorithm into two stages allows for efficient
and computationally inexpensive evaluation of the gradi-
ent of the posterior by leveraging automatic differentiation
capabilities of the surrogate model (thus retaining the ad-
vantages of HMC, such as scalability to high dimensions
and faster convergence) while producing accurate posterior
samples by using HF numerical solvers in the second stage.
We demonstrate the effectiveness of this algorithm on a
range of physics-based linear and non-linear Bayesian in-
verse problems, where it outperforms the traditional HMC
algorithm in computational efficiency while retaining sim-
ilar accuracy.
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CP6

Critical Analysis of Physics-Aware Deep Learning
Surrogates for Reverse Time Migration

In seismic exploration, the interpretation of seismic images
is key to decision-making. Seismic imaging is affected by
the presence of multiple sources of uncertainty. Reverse
time migration (RTM) is a high-resolution depth migra-
tion approach for extracting seismic imaging in complex
geologic structures. RTM is time-consuming and data-
intensive. Also, when embedded in an uncertainty quan-
tification algorithm (like the Monte Carlo method), RTM
shows a manifold increase in its complexity and cost due
to the high input-output dimensionality. Hence, one of the
main challenges facing uncertainty quantification in seismic
imaging is reducing the computational cost of the analysis.
This work evaluates physics-aware deep learning strategies
to act as surrogate models for RTM under uncertainty. In-
puts are an ensemble of velocity fields expressing the uncer-
tainty and the outputs, the seismic images. Here, we eval-
uate the power of machine learning, particularly generative
adversarial nets (GANs), to learn probability distributions
from the data, potentially modeling uncertainties in the
seismic images. Also, we explore the versatility of the deep
learning models to build a surrogate from data generated
by different levels of fidelity. We show by numerical exper-
imentation that the surrogate models can reproduce the
seismic images accurately and, more importantly, the un-
certainty propagation from the input velocity fields to the
image ensemble.
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CP7

A Posteriori Error Estimation for Stochastic Col-
location Applied to Parametric Parabolic PDEs

In this talk, we investigate a posteriori error estimation
for time-dependent parametric partial differential equa-
tions discretized using non-intrusive stochastic collocation
finite element methods. In particular, we look to estimate
the distinct contributions to the total approximation er-
ror stemming from both the parametric and time-stepping
discretization schemes, in order to drive adaptive solu-
tion algorithms. The parametric error associated with the
stochastic collocation method is estimated using a hierar-
chical method. The time-stepping algorithm is treated as
a black-box with control imposed over the estimated lo-
cal truncation error. Numerical results will be presented
for a time-dependent advection-diffusion problem with un-
certain wind field. The evolution of error in time will be
analyzed and the challenges of driving an adaptive-in-time
stochastic collocation algorithm will be discussed.
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CP7

A Multilevel Intrusive Method for Parametric
PDEs

In this talk we discuss a state-of-the-art multilevel intru-
sive method that facilitates forward UQ for PDE models
with finitely or countably infinitely many uncertain in-
puts. It is well known that for some classes of paramet-
ric PDEs, multilevel approximation schemes, unlike their
single-level counterparts, can combat the curse of dimen-
sionality. However, from a computational point of view,
intrusive methods, also known as stochastic Galerkin meth-
ods, are often viewed as less attractive than non-intrusive
methods such as stochastic collocation schemes. We de-
scribe theoretical and computational aspects of an adap-
tive multilevel stochastic Galerkin finite element method
(SGFEM). After discussing the hierarchical a posteriori er-
ror estimation strategy that drives the adaptive algorithm,
and reviewing known theoretical results regarding optimal
convergence rates for a class of parametric elliptic PDEs,
we present numerical results showing that our algorithm
achieves these rates for certain benchmark problems, out-
performing adaptive single-level methods.
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CP7

Sparse Learning of Nonlinear Stochastic Dynamical
Systems

In many applications it may be desirable to model physical
systems semi-empirically; in part based on a simplified de-
scription of the physics and complemented by a data-driven
component. The physics-informed component of the model
may be parameterized by imprecisely known parameters for
which some prior knowledge is available. Conversely, the
unknown coefficients in the data-driven component typ-
ically will not have any associated prior knowledge. It is
possible to estimate these parameters using standard meth-
ods for Bayesian inversion. However, this approach can
suffer from overfitting problem, leading to a large uncer-
tainty in the prediction. To address this challenge, the
nonlinear sparse Bayesian learning (NSBL) algorithm can
be used to induce sparsity among the data-driven coef-
ficients. NSBL leverages concepts from sparse Bayesian
learning (SBL) and relevance vector machines (RVM) and
extends these popular machine learning tools to nonlinear
models and non-Gaussian likelihood functions. Using au-
tomatic relevance determination (ARD) priors and Gaus-
sian mixture model approximations, NSBL offers a semi-
analytical method for efficiently inducing sparsity among
the model parameters. In this talk, the benefit of the NSBL
algorithm will be illustrated for nonlinear dynamical sys-
tems for which we have data. We will also provide insights
into the algorithm through parametric studies and by com-
paring its performance to standard methods for Bayesian
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model selection.
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CP7

A Dimension-Adaptive Sparse Grid Combination
Technique for High-Dimensional Parametric Ellip-
tic PDEs

We present an adaptive algorithm for the computation of
quantities of interest involving the solution of a stochastic
elliptic PDE where the diffusion coefficient is parametrized
by means of a Karhunen-Loeve expansion. The approx-
imation of the equivalent parametric problem requires a
restriction of the countably infinite dimensional parameter
space to a finite-dimensional parameter set, a spatial dis-
cretization and an approximation in the parametric vari-
ables. We consider a sparse grid approach between these
three approximation directions in order to reduce the com-
putational effort and propose a dimension-adaptive com-
bination technique. In addition, a sparse grid structure
for the high-dimensional parametric approximation is con-
sidered and detected simultaneously with the spatial and
stochastic approximation. The adaptive construction of
the sparse grid is based on the benefit-cost ratio such that,
different to a-priori approaches, regularity and decay of the
Karhunen-Loeve coefficients are not required. The decay of
the KL is detected and exploited as the algorithm adjusts
to the anisotropy in the parametric variables. We include
numerical examples for the Darcy problem with a lognor-
mal permeability field, which illustrate a good performance
of the algorithm: For sufficient smooth random fields, we
essentially recover the rate of the spatial discretization as
asymptotic convergence rate with respect to the computa-
tional cost.
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CP7

A Multi-Level Stochastic Collocation Method for
Schrdinger Equations with a Random Potential

We propose and analyze a numerical method for time-
dependent linear Schrdinger equations with uncertain pa-
rameters in both the potential and the initial data. The
random parameters are discretized by stochastic colloca-
tion on a sparse grid, and the sample solutions in the
nodes are approximated with the Strang splitting method.
The computational work is reduced by a multi-level strat-
egy, i.e. by combining information obtained from samples
computed on different refinement levels of the discretiza-
tion. We prove new error bounds for the time discretization
which take the finite regularity in the stochastic variable
into account, and which are crucial to obtain convergence
of the multi-level approach. The predicted cost savings of
the multi-level stochastic collocation method are verified
by numerical examples.
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CP8

Mixed Effects State-Space Models Across Popula-
tions of Dynamic Systems

The rapid progression of sensing technology enables rich
population-level data in practical applications; in particu-
lar, the work here is motivated by examples of engineering
systems and infrastructure - from offshore wind farms to
fleets of vehicles. We consider a set of differential equations
that correspond to a population of engineering dynamical
systems. We then propose an adapted mixed-effects linear
Gaussian state-space model, to capture the variation across
the population, alongside within-system correlations. The
resultant model gives an interpretation of the global (pop-
ulation) dynamics as well as system-specific models. Most
critically, the multi-level approach allows for knowledge
transfer - since correlated latent variables allow systems
with sparse information to borrow statistical strength from
those that are data-rich. Firstly, the hierarchical Bayesian
approach is constructed with a Gibbs procedure, and then
with a novel sequential Monte Carlo method, to support
online inference, which is advantageous in applications to
streaming data. We demonstrate the mixed-effects state-
space model in a simulated structural dynamics case study
and show applications to measurements from an opera-
tional wind farm. The proposed population state-space
model is general and should be widely applicable to longi-
tudinal studies of dynamic systems.
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CP8

Bayesian Lagrangian Data Assimilation and Learn-
ing

Dynamical transports a variety of natural quantities (e.g.
aerosols, pathogens, water masses, plankton, sediments,
etc.) and artificial materials (e.g. pollutants, float-
ing debris, search and rescue, etc.). Lagrangian Coher-
ent Structures (LCSs) or the most influential/persistent
material lines in a flow, provide a robust approach to
characterize such transports and organize classic trajec-
tories. Using flow-map stochastic advection, dynamically-
orthogonal (DO) decompositions, and Gaussian Mixture
Model (GMM)-DO filtering, we derive uncertainty predic-
tion and Bayesian learning schemes for both Eulerian and
Lagrangian variables. The resulting nonlinear Eulerian-
Lagrangian Bayesian data assimilation allows the simulta-
neous non-Gaussian estimation of Eulerian variables (e.g.
velocity, tracers, etc.) and Lagrangian variables (e.g. po-
sitions, trajectories, LCSs, etc.), as well as the learning
of model functions. Finally, we outline the deep machine
learning of Lagrangian flow maps from snapshot and tra-
jectory data. We showcase results in idealized and real-
istic ocean examples. We further show how our Bayesian
mutual information and adaptive sampling equations pro-
vide a rigorous efficient methodology to plan optimal La-
grangian deployments.
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CP8

Uncertainty Quantification of Bifurcations in Ran-
dom Ordinary Differential Equations

Subsystems of the earth might undergo critical transitions
under sustained global warming with severe impacts on
various ecosystems and human habitat. This phenomenon
is not restricted to climate science but appears also in ecol-
ogy and epidemiology [C. Kuehn, C. Bick, A universal
route to explosive phenomena (2021), Science Advances,
Vol. 7, No. 16]. Here, we approach these critical tran-
sitions mathematically in terms of bifurcation theory for
nonlinear ordinary differential equations. It is well-known
in the theory of dynamical systems that parameter varia-
tion can induce bifurcations. Our main question of inter-
est is how uncertainties in system parameters propagate
through the possibly highly nonlinear dynamical system
and affect the system’s bifurcation behavior. We analyze
the effect of parametric uncertainty on the occurrence of
different bifurcation types (sub- vs super-critical) along a
given bifurcation curve. We come up with estimates for
the bifurcation type probabilities to contribute to an un-
certainty quantification of the exposure to critical transi-
tions. In our methodology, we combine known statistical
and probabilistic concepts with classical analysis and bi-
furcation theory. In a numerical case study, we illustrate
the performance of the estimation procedure.
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CP8

Physically Driven EV-GDEE for the Estima-
tion of Time-Variant Failure Probability of High-
Dimensional Stochastic Dynamical Systems

Time-variant reliability assessment of engineering systems
subjected to stochastic excitations, especially for rare
events, is of paramount importance for the performance-
based decision-making of design, but is still of great chal-
lenge due to the nonlinear and random coupling in high-
dimensional systems. For this purpose, an ensemble-
evolving-based generalized density evolution equation (EV-
GDEE) is established, as a one- or two-dimensional partial
differential equation, with respect to the response of in-
terest in a high-dimensional system. The equivalent drift
coefficient in the EV-GDEE represents the physically driv-
ing force of evolution of the probability density function
(PDF) in the ensemble sense, and is identified as the con-
ditional expectation of the original drift function. In this
sense, the proposed method can be called as the physically
driven EV-GDEE. Some representative dynamical analy-
ses of the underlying physical system are performed for
the identification of the equivalent drift coefficient. Then,
the EV-GDEE can be solved to capture the transient PDF
of the response of interest. For the purpose of reliability, an
absorbing boundary process is constructed. Its EV-GDEE
can be established and solved to obtain time-variant first-
passage reliability. The proposed method shows the high
accuracy of the failure probability even in the order of mag-
nitude 10-4 10-6 for rare events, which are achieved with
only hundreds of dynamical analyses.
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CP8

Building and Solving Efficient Reduced Models for
the Uncertain Boltzman Equation with MC-gPC:
Applications to Neutronics (keff) and Photonics

Many physical applications rely on Monte-Carlo (MC)
codes to solve deterministic partial differential equations.
The simulations are costly but the MC resolution is com-
petitive due to the high dimensional (7) deterministic prob-
lem. Propagating uncertainties with respect to d parame-
ters is also of interest. Non-intrusive methods are usually
applied. But they demand a high number of runs of the
code. In our MC resolution context, each run is costly. One
run can take several hours on hundreds of processors. For
this reason, MC-gPC is introduced: it consists in building a
Polynomial Chaos (gPC) based reduced model and in solv-
ing it with an MC scheme. The method is intrusive but fast
convergence rates have been observed/proved: the method
is efficient for the linear, nonlinear Boltzman equation and
keff computations.
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CP9

A Probabilistic, Data-Driven Closure Model for
Rans Simulations and Model Uncertainty

Despite significant improvements in high-performance
computing, high-fidelity simulations of real-world, turbu-
lent flows are largely infeasible. The Reynolds Averaged
Navier-Stokes (RANS) model remains the most efficient
alternative but it requires a Reynolds-stress (RS) closure
model. Several such models have been developed but their
accuracy is limited and they lack generality. In this work,
we argue that the information loss that takes place when
coarse-graining the original equations in order to come up
with the RANS equations gives rise to model uncertainty
which goes beyond the stochastic variability of the param-
eters of the closure model. The latter is written as the
sum of a parameterized term dependent on the gradient
of mean velocity and a stochastic, discrepancy tensor. We
attempt to learn its statistical characteristics using a few
high-fidelity simulations (e.g. LES or DNS) and a differen-
tiable RANS solver. This in turn provides a stochastic cor-
rection to the RANS model which can now produce quan-
titative metrics of its predictive uncertainty. We demon-
strate the efficacy of the proposed model and report on its
performance as compared to classical turbulence models
and high-fidelity solvers.
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CP9

Tree-Based Gaussian Process for Computer Ex-
periments with Many-Category Qualitative Factors
and Application to Cooling System Design

In computer experiments, Gaussian process models are
commonly used for emulation. However, when both quali-
tative and quantitative factors in the experiments, emula-
tion using Gaussian process models becomes challenging.
In particular, when the qualitative factors contain many
categories in the experiments, existing methods in the lit-
erature become cumbersome due to curse of dimensional-
ity. Motivated by the computer experiments for the design
of a cooling system, a new tree-based Gaussian process for
emulating computer experiments with many-category qual-
itative factors is proposed. The proposed method incorpo-
rates a tree structure to split the categories in the quali-
tative factors, and Gaussian process models are employed
for modeling the simulation outputs in the leaf nodes. The
splitting rule takes into account the cross-correlations be-
tween the categories of the qualitative factors, which have
been shown by a recent theoretical study to be a crucial
element for improving the prediction accuracy. The ap-
plication to the design of a cooling system indicates that
the proposed method not only enjoys marked computa-
tional advantages and produces accurate predictions, but
also provides valuable insights into the cooling system by
discovering the tree structure.
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CP9

Automatic Dynamic Relevance Determination for
Gaussian Process Regressions with Functional In-
puts

Numerous geophysical parameters are retrieved from the
spectral line radiance measured by NASA’s Microwave
Limb Sounder via a computer model (forward model). Its
expensive evaluation time motivates the design of a statisti-
cal surrogator for uncertainty quantification. The forward
model takes a finite realization of atmospheric state vari-
ables over a pressure grid characterizing vertical profiles
over a continuous index. A common emulator for a com-
puter experiment with functional inputs involves a Gaus-
sian Process with a vector input resulting from the func-
tional input pre-processing. Generalizing a framework orig-
inally proposed for time-varying inputs, we introduce the
asymmetric Laplace functional weight (ALF): a flexible,
parametric mapping between the output correlation and
the input functional structure. Automatic Dynamic Rel-
evance Determination (ADRD) is achieved with at most
three unknowns per input variable. A simulation study
is conducted to assess ADRD capability to recover the
true model and produce accurate predictions. Addition-
ally, ADRD is applied to predict water vapor spectra for
different atmospheric configurations. The parameters are
learned from data using a fully-Bayesian approach. The
ALF posterior density is explored to identify the most rel-
evant regions of the atmosphere and out-of-sample vali-
dation is performed to benchmark ADRD against vector-
input models.
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CP9

Sparse Tensor Product Approximation for a Class
of Generalized Method of Moments Estimators

Generalized Method of Moments (GMM) estimators in
their various forms, including the popular Maximum Like-
lihood (ML) estimator, are frequently applied for the evalu-
ation of complex econometric models with not analytically
computable moment or likelihood functions. As the ob-
jective functions of GMM- and ML-estimators themselves
constitute the approximation of an integral, more precisely
of the expected value over the real world data space, the
question arises whether the approximation of the moment
function and the simulation of the entire objective function
can be combined. Motivated by the popular Probit and
Mixed Logit models, we consider double integrals with a
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linking function which stems from the considered estima-
tor, e.g. the logarithm for Maximum Likelihood, and apply
a sparse tensor product quadrature to reduce the compu-
tational effort for the approximation of the combined in-
tegral. Given Hlder continuity of the linking function, we
prove that this approach can improve the order of the con-
vergence rate of the classical GMM- and ML-estimator by
a factor of two, even for integrands of low regularity or
high dimensionality. This result is illustrated by numerical
simulations of Mixed Logit and Multinomial Probit inte-
grals which are estimated by ML- and GMM-estimators,
respectively.

Michael Griebel
Institut für Numerische Simulation, Universität Bonn &
and Fraunhofer-Institut für Algorithmen und
Wissenschaftlich
griebel@ins.uni-bonn.de

Alexandros Gilch
Bonn Graduate School of Economics, Universität Bonn
alexandros.gilch@uni-bonn.de

Jens Oettershagen
Institut für Numerische Simulation, Universität Bonn
jens.oettershagen@gmx.de

CP9

Higher-Dimensional Deterministic Formulation of
Hyperbolic Conservation Laws with Uncertain Ini-
tial Data

We discuss random hyperbolic conservation laws and intro-
duce a novel formulation interpreting the stochastic vari-
ables as additional spatial dimensions with zero flux. The
approach is compared with established non-intrusive ap-
proaches to random conservation laws. In the scalar case,
an entropy solution is proven to exist if and only if a ran-
dom entropy solution for the original problem exists. Fur-
thermore, existence and numerical convergence of stochas-
tic moments is established. Along with this, the bound-
edness of the L1-error of the stochastic moments by the
L1-error of the approximation is proven. For the numeri-
cal approximation a Runge-Kutta discontinuous Galerkin
method is employed and a multi-element stochastic col-
location is used for the approximation of the stochastic
moments. By means of grid adaptation the computational
effort is reduced in the spatial as well as in the stochastic
directions, simultaneously. Results on Burgers’ and Euler
equation are validated by several numerical examples and
compared to Monte Carlo simulations.
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CP9

Continuous Space Representation of Geological
Conceptual Models

Considering an ensemble of geological models is a necessity
for uncertainty quantification in the exploration of natural
resources such as groundwater, minerals or geothermal en-
ergy. However, it is often limited to a single concept or sin-
gle geological interpretation, out of convenience or because
of perception bias. Even though several conceptual models
are retained, they might not be fit for real data application.
Indeed, the lack of knowledge and data combined with hu-

man perception, interpretation and bias might lead to a set
of erroneous or incomplete initial scenarios. Here, we pro-
pose to build a continuous parameter space representation
of conceptual models from a discrete and finite set of ini-
tial geological scenarios. The approach relies on summary
statistics dissimilarities between models, and scenario rep-
resentatives. It allows us to explore additional locations of
the conceptual model parameter space to build scenarios
that are compatible with collected geological data and it
allows us to quantify uncertainty around the initial scenar-
ios. To illustrate our approach, we use an ensemble of one
million synthetic geological models with complete tectonic
histories (from https://github.com/Loop3D/noddyverse).
We acknowledge the support from the ARC-funded Loop:
Enabling Stochastic 3D Geological Modelling consortia
(LP170100985) and the Mineral Exploration Cooperative
Research Centre. This is MinEx CRC Document 2021/***.
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CP10

Robust Bayesian Experimental Design

In the field of Bayesian Experimental Design (BED), there
has been much recent work on algorithms for maximizing
the expected information gain. This optimization problem
is difficult due to the nested expectations over the prior
distribution of outcomes and over the posterior distribu-
tion of parameters conditioned on each outcome that de-
fine the objective. Examples of recent approaches include
the use of neural networks to estimate the KL divergence
between prior and posterior distributions, and the use of
nested Monte Carlo sampling with adaptive proposal dis-
tributions. These approaches, however, do not try to ac-
count for the robustness of their solutions with respect to
variations in the prior distribution. In this work, we model
uncertainty in the prior distribution with an ambiguity set
of small divergence from a reference prior, and consider
several BED formulations that seek to maximize the infor-
mation gain over the ambiguity set as a whole. To address
the issue related to the expensive computation, we build
on those recent algorithms, but we explore further changes
of this problem including dual formulations to reduce the
dimensionality.
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CP10

Targeted Adaptive Design

We describe Targeted Adaptive Design a new data-driven
algorithm for adaptively exploring an unknown multi-
output response in a multivariate input design space, while
searching for inputs that result in specific desired outputs,
within specified tolerance. Design of products using ad-
vanced manufacturing equipment can frequently be de-
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scribed by this kind of formalism. The algorithm bears
a similar relationship to optimal sequential experimental
design that root-finding bears to optimization. At each
stage of the algorithm, a vector-valued Gaussian process
(VVGP) surrogate of the response is constructed and opti-
mized using the latest round of acquired samples, as well as
all previously-acquired samples, after which N new sample
locations and a target location are optimized to maximize
the expected predictive log-likelihood of the target param-
eters at the target location, conditioned on the (known)
acquired data and (unknown, marginalized) N future sam-
ples. A stopping decision (success or failure) is made based
on the chosen tolerance, the current surrogate, and the cur-
rent optimal target location. We describe the performance
of the algorithm on a simulated design problem, and com-
pare the performance of algorithms based on grid and ran-
dom sampling data acquisition strategies.
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CP10

Turbulence Model Form Errors in Complex Flow
Configurations

Direct Numerical Simulation of turbulence is a powerful
tool that has the disadvantage of high computational cost.
Models can be used to avoid this issue, however, these mod-
els introduce uncertainty, namely model form uncertainty,
due to their inherent physical assumptions. Understand-
ing these uncertainties and how they affect the quantities
of interest is of the utmost importance when analyzing
simulation results. In this work, an implied models ap-
proach is used to better understand the sources and dy-
namics of model form error in complex turbulent flows.
The implied models approach is a physics-based uncer-
tainty quantification (UQ) approach in which a transport
equation is derived for the model error through the trans-
port equation implied by the model for the quantity of
interest. Multiple flow configurations have been analyzed
with this UQ approach, including a boundary layer over a
flat plate with a statistically stationary separation bubble.
This flow is shown to have two error modes corresponding
to the qualitative behavior of turbulent wall-bounded and
free-shear model form errors, which have previously been
studied. These results show a complex picture of model er-
ror that changes through the flow but also that calibration
of turbulence models against simpler flows may capture
the main modes of model failure. Preliminary analysis of
multi-physics turbulent flows is conducted to understand
the modes of model failure with the introduction of other
physical processes.
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CP10

Bayesian Multi-Fidelity Inverse Analysis for Com-
putationally Demanding Models in High Stochastic
Dimensions

The biggest challenges in (Bayesian) inverse analysis of
large-scale numerical models are posed by the high compu-
tational demands in combination with the high stochastic
dimension. The solution process is further impeded when
model derivatives are inaccessible as is often the case in
legacy codes and coupled problems. We propose Bayesian
multi-fidelity inverse analysis (BMFIA) which overcomes
the aforementioned difficulties by employing computation-
ally inexpensive, lower-fidelity models and constructing a
multi-fidelity likelihood function. The latter is learned ro-
bustly from a small number of high-fidelity simulations
and reflects the uncertainty, not only in the original in-
verse problem but also due to the (small) training data em-
ployed. BMFIA is independent of the problem’s stochas-
tic dimension as it primarily relies on the dependence be-
tween the outputs of models of varying fidelities and not
on the input. Furthermore, improved efficiency is attained
since the inference process, which can be performed using
state-of-the-art sampling-based or variational methods, re-
quires solely evaluations of the low-fidelity model(s). The
latter can be chosen or constructed so that they provide
model derivatives (e.g. from adjoint formulations) which
further expedite inference. We demonstrate our approach
on large-scale biomechanical problems and compare them
with state-of-the-art single- and multi-fidelity methods.
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CP10

Bayesian Calibration of Imperfect Computer Mod-
els Using Physics-Informed Priors

We introduce a computational efficient data-driven frame-
work suitable for the quantification of the uncertainty
in physical parameters of computer models, represented
by differential equations. We construct physics-informed
priors for time-dependent differential equations, which
are multi-output Gaussian process priors that encode the
model’s structure in the covariance function. We extend
this into a fully Bayesian framework which allows quantify-
ing the uncertainty of physical parameters and model pre-
dictions. Since physical models are usually imperfect de-
scriptions of the real process, we allow the model to deviate
from the observed data by considering a discrepancy func-
tion. To obtain the posterior distributions we use Hamilto-
nian Monte Carlo sampling. To demonstrate our approach
we use the arterial Windkessel model, which describes the
hemodynamics of the heart through differential equation
with physically interpretable parameters of medical inter-
est. As most physical models, the Windkessel model is an
imperfect description of the real process. In a synthetic
case study, we simulate noisy data from a more complex
physical model with known mathematical connections to
our modelling choice. We show that without accounting for
discrepancy, the posterior of the physical parameters devi-



Conference on Uncertainty Quantification (UQ22)                                                    1918 UQ22 Abstracts

ates from the true value while accounting for discrepancy
gives reasonable quantification of physical parameters un-
certainty and reduces the uncertainty in subsequent model
predictions.
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CP11

Optimization under Epistemic Uncertainty Using
Bayesian Hybrid Models

We propose Bayesian hybrid models (BHMs) to simulta-
neously account for epistemic and aleatory uncertainty.
Model inadequacy or neglected control variables lead to
epistemic uncertainty, for example, the use of low fidelity
surrogate models in multiscale engineering frameworks.
Aleatory uncertainty arises due to random phenomena such
as experimental variability. The proposed BHMs extend
Kennedy and OHagans statistical framework and takes the
form: y=?(.)+d(.)+? The glass-box component ?(.) is the
mechanistic model with epistemic uncertainty. A Gaus-
sian process (GP) models the discrepancy d(.) which is
the black-box component of the model. The aleatory un-
certainty is modeled by the normally distributed random
noise ?. The proposed hybrid model combines the ben-
efits of black-box models that leverage statistics and ma-
chine learning to reveal trends in data and glass-box models
that are developed from scientific theories. The probabilis-
tic GP enables Bayesian model calibration and provides
readily interpretable uncertainty information as opposed
to other hybrid modeling constructs such as neural dif-
ferential equations. Using ballistic firing and reaction en-
gineering case studies, we show the superior performance
of the BHMs over simplified glass-box and GP regression
only models for optimal decision-making under aleatory
and epistemic uncertainties.
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CP11

Lookahead Bayesian Optimization and Applica-
tions

We propose a novel Bayesian optimization framework that
introduces a lookahead acquisition principle. This includes
a generalized framework which can be used to construct
lookahead versions of existing (myopic) acquisition princi-
ples. Furthermore, we show that our framework can be
leveraged to solve problems in a multifidelity setting, i.e.,
when multiple models that trade accuracy for computa-
tional expense are available. We demonstrate our method

on application problems in optimization, surrogate model-
ing, and uncertainty quantification.
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CP11

Batch-Based Bayesian Optimization of Stochastic
Functions Through Uncertainty Quantification

In this talk, we will introduce an uncertainty
quantification-based approach for the optimization of
stochastic functions with heteroscedastic noise (e.g.,
agent-based models, molecular dynamics simulations, and
physical experiments). The advantage of the proposed ap-
proach is twofold: (i) reduced computational cost through
carefully selected batches of samples, and (ii) tractability
by considering the tradeoff between exploration and repli-
cation. The benefit of replicating at previously observed
designs is that it gives direct insight into the noise of our
data source and it improves scalability by reducing the
size of the Gaussian process models covariance matrix.
The main concern when deciding where to sample next
is to minimize the uncertainty in the optimal design.
Consequently, the exploration versus replication decision
is made based on what alternative minimizes the posterior
predictive uncertainty in the regions of the design spaces
that are expected to contain the global optimum. Finally,
the identification of batches is achieved through the
introduction of a preposterior analysis that is compatible
with stochastic data. Through the optimization of
eight test functions and one engineering problem, we
demonstrate that the proposed framework has superior
performance compared to available methods, the validity
of the introduced preposterior analysis, and its practical
utility in design.
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CP11

Efficient Importance Sampling via Optimal Control
for Stochastic Reaction Networks

We are interested in the efficient estimation of statisti-
cal quantities, particularly rare event probabilities, for
stochastic reaction networks (SRNs). To this aim, we pro-
pose a novel importance sampling (IS) approach to improve
the efficiency of Monte Carlo (MC) estimators when based
on an approximate tau-leap (TL) scheme. In IS, the cru-
cial step is to choose an appropriate change of probability
measure to achieve a substantial variance reduction. Based
on an original connection between finding the optimal IS
parameters, within a class of probability measures, and a
stochastic optimal control (SOC) formulation, we propose
an automated approach to derive a highly efficient path-
dependent measure change. Given that it is challenging to
solve this SOC problem analytically, we propose a numer-
ical dynamic programming algorithm to approximate the
optimal control parameters. In the one-dimensional case,
our numerical results show that the variance of our pro-
posed estimator decays with rate O(Δt) for a step size of
Δt, compared to being O(1) for the standard MC estima-
tor. To mitigate the curse of dimensionality in the multi-
dimensional case, we propose an alternative learning-based
method that approximates the value function by a neural
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network whose parameters are determined via a stochas-
tic optimization algorithm. Our numerical experiments
demonstrate that our learning-based IS approach substan-
tially reduces the MC estimator’s variance.
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CP11

Stochastic Momentum Methods for Optimal Con-
trol Problems Containing Uncertain Coefficients

In this talk, we investigate a numerical analysis of a
strongly convex and smooth optimization problem gov-
erned by a convection diffusion equation with uncertain
coefficients. To solve the underlying optimization prob-
lem finite element approximation in the spatial domain
and Monte Carlo approximation in the risk measure are
employed. On the other hand, stochastic approximation
where true gradient is replaced by a stochastic ones is used
to minimize the objective functional containing random
terms. However, naive use of the stochastic gradient algo-
rithm in many instances suffers difficult tuning of parame-
ters and extremely slow convergence rate due to the noisy
nature of stochastic gradient iteration. Therefore, we add
a momentum term to accelerate the convergence behav-
ior. Efficiency of the proposed methodology is illustrated
by numerical experiments on the benchmark problems. It
has been shown in the numerical simulations that stochas-
tic approximation methods can be an alternative to solve
PDE–constrained optimization problems containing uncer-
tain terms.
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CP11

Stochastic Discontinuous Galerkin Methods for
Robust Deterministic Control of Convection Dif-
fusion Equations with Uncertain Coefficients

This talk aims to investigate a numerical behaviour of a
robust deterministic optimal control problem subject to a
convection diffusion equation containing uncertain inputs.
Stochastic Galerkin approach, turning the original opti-
mization problem containing uncertainties into a large sys-
tem of deterministic problems, is applied to discretize the
stochastic domain, while a discontinuous Galerkin method
is preferred for the spatial discretization due to its better
convergence behaviour for optimization problems governed
by convection dominated PDEs. Large matrix system
emerging from the stochastic Galerkin method is addressed

by the low–rank version of GMRES method, which reduces
both the computational complexity and the memory re-
quirements by employing the Kronecker–product structure
of the obtained linear system. Benchmark examples with
and without control constraints are presented to illustrate
the efficiency of the proposed methodology.
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CP12

Sar Image Formation Using Empirical Bayesian In-
ference With Joint Sparsity

Synthetic aperture radar (SAR) is a day and night, all
weather imaging modality that utilizes a satellite-mounted
radar to send and receive a complex signal. Multiple data
acquisitions are often made over the same scene. These
measurements are corrupted by noise as well as speckle, a
phenomenon inherent to coherent imaging systems. Since
the intensity of the underlying image is presumably sparse
in some domain, e.g. the gradient or edge domain, com-
pressive sensing may be used to obtain a point estimate.
There is growing interest when considering the problem of
SAR image reconstruction to quantify the uncertainty of
the reconstruction. In this regard, by assuming that the
true signal is represented as a random variable, one can
attempt to recover its associated probability density func-
tion. We propose a novel method of SAR image reconstruc-
tion using empirical Bayesian inference that recovers both
a point estimate and samples of a posterior distribution on
the image pixels, providing this uncertainty quantification.
Based on an a-priori estimate of the support in the edge
domain which is obtained from the multiple data acquisi-
tions, we define the support informed sparse prior which is
then used in turn to generate samples for the posterior den-
sity function. We demonstrate the efficacy of our method
on SAR phase history data.
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CP12

Multiplicative Denoising with Uncertainty Quan-
tification for Synthetic Aperture Radar Imaging

Traditional methods for removing the multiplicative noise
inherent in synthetic aperture radar (SAR) images produce
single point-estimate images resulting from the maximum
a posteriori optimization of an objective functional or some
filtering procedure. We build on previous work introduc-
ing a sampling-based approach to SAR image uncertainty
quantification by considering the performance of several
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difference priors for despeckling piecewise-constant images.
Although a Laplace difference prior corresponding to TV
regularization of pixel edge differences yields a MAP esti-
mate that is sparse in the edge domain, it fails to similarly
promote piecewise constant image samples in the posterior.
Furthermore, uncertainty quantification under such a prior
is unreliable. Thus we present several choices of priors that
promote edge-sparsity in the posterior and permit reliable
uncertainty quantification for SAR images. We discuss effi-
cient sampling approaches for this high-dimensional prob-
lem, as well as hyperpriors that allow our speckle model to
better handle images with edge-domain heterogeneity.
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CP12

Uncertainty Quantification in 3D Imaging of At-
mospheric Dispersion Processes with Dial

We consider the problem of fitting atmospheric dispersion
parameters from time-resolved back-scattered differential
absorption Lidar (DIAL) measurements. A clear advan-
tage of optical remote sensing modalities is an extended
range which makes them less sensitive to strictly local mod-
elling errors or the distance to a plume source. In contrast
to other state-of-the-art DIAL methods, we dont make a
single scattering assumption but propose the collection of
multiply scattered photons from wider/multiple fields-of-
view that can aid in the reconstruction of certain image
features. The scattering of photons in heterogeneous media
is modelled through the time dependent Radiative Trans-
fer Equation (RTE) which drastically increases the com-
putational complexity compared current DIAL based ap-
proaches. Motivated by environmental emergency response
applications and the need to solve the problem in nearly
real-time, we address this issue by reconstructing an im-
age representation based on dispersion parameters which
avoids a high-dimensional inverse problem and regularises
the otherwise ill-posed problem. The obtained parameters
are directly related to a dispersion model and any point
estimate or UQ can be associated with meaningful physi-
cal units. This approach not only achieves a high degree of
interpretability but has the potential to naturally incorpo-
rate the effect of uncertainties in the optical measurements
as well as atmospheric quantities on the reconstructed gas
concentration.
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CP12

Near-Field Microwave Mapping by Bayesian
Inversion-Segmentation

An experimental set-up is dedicated to the microwave con-
trol at full scale of the homogeneity of electromagnetic
(EM) properties, such as permeability and permittivity.
By moving an antenna close to the material, it is possi-
ble to measure near-field reflection coefficients for various
locations. One consider that the EM properties can be
reduced to a surface impedance with possible discontinu-
ities related to material inhomogeneities. It can be linked
to the reflection coefficients by a linearized forward model,
derived from Maxwell’s equations. It includes an additive
term corresponding to various errors: measurement, lin-
earization and modeling. Since the number of data avail-
able is small compared to the number of unknowns, the di-
rect model is not invertible. Therefore, we have developed
a Bayesian inversion method that provides a segmented
impedance map. A Gauss-Potts prior relies on a region
division by a set of labels, modelled by a Potts field and
on the impedance, modeled by piecewise Gaussian fields
conditionally to the labels. Estimation is very tricky due
to the large dimension and the non-standard form of the
posterior. Consequently, we have turned towards a Gibbs
algorithm that, in the stationary phase, provides random
samples of the a posteriori law, that are used to compute
the estimate of the impedance map and labels, and to quan-
tify uncertainties. It is applied to simulated data based on
the linearized forward model, derived from a 3D Maxwell
solver.
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Quantization Applied to the Visualization of Low-
Probability Flooding Events

Visualization is essential in the risk assessment of coastal
or river flooding. In this work, we deal with expensive-
to-evaluate hydraulic simulators, taking as random scalar
inputs offshore meteo-oceanic conditions and dyke breach
parameters, whereas the output is a flooding map. The
challenge is to display a few prototype maps representing
at best the probability law of the flooding event, which is
a typical quantization problem. The K-Means algorithm
classically serves to minimize the expected squared dis-
tance between samples of the random event and their repre-
sentatives. This clustering technique is adapted to handle
three key specificities of our context. First, the quantiza-
tion is done in the specific space of flooding maps, which
requires to define an appropriate distance measure. Sec-
ond, because of the time-consuming simulators, a Gaus-
sian process based approach adapted to spatial outputs is
proposed. Third, flooding being a low-probability event,
traditional Monte Carlo approaches are inefficient and an
Importance Sampling scheme is introduced to generate the
maps. The prototype maps represent the distribution of
the floodings and are each is associated to a probability
mass. To discriminate between the scenarii leading to sim-
ilar floodings, a second quantization procedure is carried
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out in the input space within each cluster. The method is
evaluated on an analytical example before being extended
to the coastal case of Les Boucholeurs on the French At-
lantic coast.
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CP13

Rare Events in Heavy-Tailed Distributions through
Large Deviation Theory

The fact that the least unlikely realization of a set of rare
events is the minimizer of a function called the rate function
is at the heart of large deviation theory. The probability of
this set of events is dominated by this realization. In heavy-
tailed distributions, standard algorithms for computing the
minimizer (aka. instanton) fail to converge. This failure
is caused by the divergence of the scaled cumulant gener-
ating function as a result of a non-convex large deviation
rate function. In this talk, we will present a solution to
this problem by ’convexifying’ the rate function via non-
linear reparametrization of the observable, which allows
us to compute instantons even in the presence of super-
exponential or algebraic tail decay. We will show how the
new formalism works by applying it to rare events in a vari-
ety of stochastic systems with fat-tails, such as high power
spikes in fibre optics caused by soliton formation.
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CP13

Correlated Bernoulli Processes Using De Bruijn
Graphs

Some numerical models have two distinct regions in out-
put space where classification is required. E.g. a computer
model may fail to complete for specific input regions, and
we would like to predict where to avoid running the model,
or incorrectly running an emulator. A widely used method
for classification is logistic regression, which produces a
distribution for the predictive class membership of being
in either region. When sampling from this to make pre-

dictions, current practice is to draw from an independent
Bernoulli distribution; drawing marginally means that any
correlation between data is lost and can result in large num-
bers of misclassifications. If simulating chains/fields of 0s
and 1s, it is hard to control the stickiness of like symbols.
In this paper, we present a novel approach to generating a
correlated Bernoulli process to create chains of 0s and 1s,
for which like symbols cluster together. We use the struc-
ture from de Bruijn Graphs - a directed graph, where given
a set of symbols V and a word length m, the nodes of the
graph consist of all possible sequences of V of length m.
De Bruijn Graphs are a generalisation of Markov chains,
where the word length controls the number of states that
each individual state is dependent on. This increases cor-
relation over a wider area. Properties of De Bruijn graphs
including expected run length and inference will be pre-
sented, as well as an application of modelling the Oxford
and Cambridge university boat race.
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Anova Decomposition of Functions with Non-
Independent Variables

Hoeffding decomposition of functions (i.e., ANOVA) is
widely used in statistical modeling and uncertainty quan-
tification such as variance-based sensitivity analysis. In
this abstract, we extend functional ANOVA to cope with
non-independent variables by making use of dependency
functions of any non-independent variables. The proposed
decomposition of functions variances or covariances inher-
its the properties of the well-known ANOVA, giving us the
ability to define new sensitivity indices for models with
non-independent variables in such a way that the main-
effects and interactions indices sum up to one. Dependent
generalized sensitivity indices recently introduced are good
approximations of the new sensitivity indices we proposed.
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CP13

Quantifying Surrogate Trustworthiness: A Princi-
pled Uncertainty Gauge through a Bayesian Ap-
proach

Surrogate models are deemed trustworthy, or not, based
on heuristic diagnostics. A limitation of this binary view
is: i) if the surrogate is not trustworthy, it is obsolete.
ii) if the surrogate is trustworthy, then the contribution
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of the uncertainty of the surrogate itself to the inferential
uncertainty on the quantity of interest (QoI) is neglected.
Here, we quantify surrogate uncertainty as a continuous
random variable. Then, we can also investigate the in-
ferential uncertainty caused by the surrogate uncertainty
itself. We discovered that, most curiously, from this as-
sumption emerges naturally a generalized measure of sur-
rogate trustworthiness that is gauged to an objective scale.
This suggests a completely new interpretation of conver-
gence of and uncertainties obtained by surrogates. For
generalized linear surrogate models and a Student-t like-
lihood for the simulation data, we find simple Bayesian
estimates for surrogate uncertainty and its effect on QoI
uncertainty. Terms are identified as input-parametric un-
certainty and inferential uncertainty [Ranftl & von der Lin-
den 2021: Bayesian Surrogate Analysis and Uncertainty
Propagation. DOI: 10.3390/psf2021003006]. We discuss
the special cases of Polynomial Chaos or Gaussian Pro-
cesses, and demonstrate a numerical example where surro-
gate uncertainties are in part negligible and in part non-
negligible [Ranftl et al. 2022: A Bayesian approach to
Blood Rheological Uncertainties in Aortic Hemodynamics.
DOI: 10.1002/cnm.3576].
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Bayesian Finite Mixture Regression Models with
Cluster-Specific Variable Selection

Heterogeneous data are ubiquitous in scientific studies. In
regression problems, different subpopulations may differ
not only in the effect size of covariates on the response, but
also in the subset of covariates that are useful predictors.
We propose using Bayesian finite mixture models (FMM)
to address the heterogeneity in data, where the number
of subpopulations, M, is modeled as a random variable.
Notable features of our models are (1) the adoption of a
class of priors based on the Normalized Independent Finite
Point Process (NIFPP) introduced by Argiento and De Io-
rio (2019), (2) the inclusion of spike-and-slab components
in generating NIFPP priors to achieve variable selection
that is specific to each cluster, and (3) the joint modelling
of the covariate variables to enable straightforward poste-
rior predictions. We demonstrate improved performance of
our model over classical ones, thanks to the more flexible
priors and the variable selection feature. For the computa-
tion of the proposed Bayesian models, we extend existing
MCMC algorithms for NIFPP to perform versatile poste-
rior inferences, such as clustering, individual profiling, and
predictions.
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CP14

A Rank and Dimension-Adaptive Integration
Scheme with Robustness to Overapproximation for
the Dynamical Low-Rank Approximation

Scientific computing is often limited by the available pro-
cessing power and storage space due to the fine resolution,
high dimensionality, or stochastic dynamics of the system.
Reduced-order models (ROMs) aim to approximate the full

system by optimally truncating the degrees of freedom to
both speed up computation and reduce storage space. Dy-
namical ROMs, such as the dynamical low-rank approxi-
mation (DLRA), automatically adjust the low-dimensional
representation according to the system dynamics, and the
DLRA may be applied to deterministic or stochastic PDEs
by assuming a low-rank decomposition in the spatial di-
mensions, the stochastic space, or a combination of the
two. To numerically integrate the DLRA, we propose a
high-order alternating least-squares (ALS) integrator with
two interpretations: first as a high-order retraction which
approximates the singular value decomposition and second
as a projector-splitting integrator. Due to the lack of ma-
trix inversions, the ALS scheme is robust to overapproxi-
mation; i.e. it is stable when we overestimate the rank of
the solution. Furthermore, this scheme may be adapted so
that we can dynamically increase and reduce the rank of
the solution during computation. The deterministic and
stochastic dimensions of the problem may also be changed
mid-simulation to accommodate a time-dependent spatial
domain or a varying number of stochastic realizations. We
illustrate results with examples from computational acous-
tics and path planning.
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Approximate Bayesian Computation with Path
Signatures

Simulation models of scientific interest often lack
a tractable likelihood function, precluding standard
likelihood-based statistical inference. A popular likelihood-
free method for inferring simulator parameters is approx-
imate Bayesian computation, where an approximate pos-
terior is sampled by comparing simulator output and ob-
served data. However, effective measures of closeness be-
tween simulated and observed data are generally difficult to
construct, particularly for time series data which are often
high-dimensional and structurally complex. Existing ap-
proaches typically involve manually constructing summary
statistics, requiring substantial domain expertise and ex-
perimentation, or rely on unrealistic assumptions such as
independent and identically distributed data. Others are
inappropriate in more complex settings like multivariate or
irregularly sampled time series data. In this paper, we in-
troduce the use of path signatures as a natural candidate
feature set for constructing distances between time series
data for use in approximate Bayesian computation algo-
rithms. Our experiments show that such an approach can
generate more accurate approximate Bayesian posteriors
than existing techniques for time series models.
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A Solver for Stochastic Galerkin Matrix Equations
Associated with Linear Elasticity Problems

We consider the three-field model for linear elasticity with
uncertain Youngs modulus. To perform forward uncer-
tainty quantification (UQ), we apply a stochastic Galerkin
mixed finite element method which yields stable numeri-
cal approximations even in the nearly incompressible case.
The associated discrete problems are extremely large and
can be formulated in two ways: (i) as a large linear sys-
tem with saddle-point structure (the so-called Kronecker
formulation) and (ii) as a linear multi-term matrix equa-
tion. We focus on the multi-term matrix equation for-
mulation, and describe a so-called multi-term reduced ba-
sis solver. For the linear elasticity problem, the matrix
equation is ill-conditioned not only with respect to the dis-
cretization parameters but also with respect to the Poisson
ratio. The proposed solution strategy has two components.
First, we present two preconditioning strategies and apply
shifts to modify the preconditioned matrix equations so
that they have more desirable properties. Then, we iter-
atively construct approximation spaces and apply a pro-
jection method to solve a problem of reduced size at each
step. Numerical results will also be presented.
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CP14

L2-Optimal Model Order Reduction for Parametric
Stationary Problems

There is a variety of system-theoretic model order reduc-
tion (MOR) methods for non-parametric non-stationary
systems. For linear time-invariant (LTI) systems, one is the
iterative rational Krylov algorithm (IRKA) for H2-optimal
MOR. In this presentation, we discuss adapting it to para-
metric stationary problems, and in particular, when the
parameter is a random variable with a given distribution
and the goal is estimating the statistics of the quantities of
interest quickly using a reduced-order model.
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Multi-Index Ensemble Kalman Filtering

In this work we marry multi-index Monte Carlo with en-
semble Kalman filtering (EnKF) to produce the multi-
index EnKF method (MIEnKF). The MIEnKF method is
based on independent samples of four-coupled EnKF esti-
mators on a multi-index hierarchy of resolution levels, and
it may be viewed as an extension of the multilevel EnKF
(MLEnKF) method developed by the same authors in 2020.
Multi-index here refers to a two-index method, consisting
of a hierarchy of EnKF estimators that are coupled in two
degrees of freedom: time discretization and ensemble size.
Under certain assumptions, the MIEnKF method is proven
to be more tractable than EnKF and MLEnKF, and this
is also verified in numerical examples.
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Robust Decision-Making under Risk and Ambigu-
ity

Economists often estimate economic models on data and
use the point estimates as a stand-in for the truth when
studying the models implications for optimal decision mak-
ing. This practice ignores model ambiguity, opens the door
for misspecification of the decision problem, and leads to
post-decision disappointment. We develop a framework to
explore, evaluate, and optimize robust decision rules that
explicitly account for the uncertainty in the estimation
using statistical decision theory. We show how to oper-
ationalize our analysis by studying robust decisions in a
stochastic dynamic investment model in which a decision-
maker directly accounts for uncertainty in the models tran-
sition dynamics.
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CP15

Challenges in Industrial Applications of Value of
Information Analysis for Risk Optimal Data Col-
lection

Risk management of the built environment is transitioning
towards methods of data-centric engineering. The emer-
gence of structural health monitoring systems, and scalable
Bayesian inference will allow for more sophisticated uncer-
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tainty quantification of damage and degradation. This in-
formation could then inform digital twin representations
of structural systems, which would provide improved de-
cision support to engineers. Understanding the required
quantity and quality of data will continue to be a chal-
lenge to engineers. Should sensing systems be retrofit to
existing structures? If so, how precise and how reliable
do they need to be? Does a malfunctioning sensor require
replacement? What supplementary inspection or testing
data is required? This lecture discusses how methods with
a basis in Bayesian experimental design can quantify the
expected value of such (imperfect) data collection activi-
ties, in the context of supporting risk management deci-
sions. Computational challenges associated with this anal-
ysis include the requirement to consider multivariate prior
domains of possible measurement outcomes, where decision
boundaries complicate the possible use of variance reduc-
tion methods (such as importance sampling). Conceptual
challenges include the need to define the sources of util-
ity associated with the reduction in epistemic uncertainty,
some of which may not be immediately apparent. These
key barriers to wider industrial application are critically
considered.
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On the Design of Outlier Exposure-Based Out-of-
Distribution Detectors

Deep learning methods are routinely adopted to build pre-
dictive models with complex data and to guide crucial
decision-making in several real-world applications. How-
ever, in practice, predictions from AI models can be poorly
calibrated thus producing unreliable decisions. This em-
phasizes the need to ensure that models are calibrated
to detect OOD samples while not trading off on in-
distribution performance. Outlier Exposure (OE) is a pop-
ular strategy for building well-calibrated models by using
an auxiliary dataset of outliers during training. Conceptu-
ally, OE encourages the model to produce low-confidence
predictions for OOD data, wherein the confidence is char-
acterized based on suitable uncertainty estimates. In this
work, we systematically study the design of deep models
with OE, namely, (i) the confidence estimator choice such
as prediction entropy, loss estimates, energy etc.; (ii) the
OOD dataset; and (iii) input augmentations such as mixup,
semantics-preserving augmentations etc. Using case stud-
ies in dermatology and histopathology applications, we will
present a rigorous evaluation suite and benchmark the per-
formance of the different design choices for OE-based out-
of-distribution detection.
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Multi-Marginal Optimal Transport and Multi-
Population Matching Beyond Discrete Measures

We consider the multi-marginal optimal transport problem
with general measures that are not necessarily discrete. We
develop a relaxation scheme accompanied by duality results
to approximate such a problem by a linear semi-infinite
optimization problem, where the approximation error can
be controlled. The developed relaxation scheme leads to
a numerical framework for solving multi-marginal optimal
transport problems. Specifically, we are able to compute
both an upper bound and a lower bound on the multi-
marginal optimal transport problem, and the gap between
the bounds provides an explicit estimate of the approxi-
mation error. Using this numerical framework, we develop
cutting-plane algorithms for the class of multi-population
matching problems introduced by [Carlier and Ekeland,
Matching for teams, 2010], which contains the well-known
Wasserstein barycenter problem as a special case. Nu-
merical experiments demonstrate that the proposed algo-
rithms are capable of computing high-quality solutions of
multi-population matching problems along with explicit es-
timates of the approximation errors that are much less con-
servative compared to the theoretical estimates. Finally,
we discuss how the relaxation scheme and the numerical
framework can be applied to distributionally robust opti-
mization problems with dependence uncertainty.
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The Back-and-Forth Method on Multi-Marginal
Optimal Transport with Applications in Sea Ice
Prediction

Climate change is real and is causing fundamental changes
in the seasonal behavior of sea ice in the Arctic. Given a
temporal sequence of images on sea ices with partial in-
formation, we want to recover the underlying dynamics.
The use of multi-marginal optimal transport (MMOT) is
the key in our approach and is motivated by: first, the dy-
namics following optimal transport minimize the average
kinetic energy in the Brenier’s theory; second, MMOT can
fuse information from the whole temporal sequence rather
than from each single image in pixel-wise sense. However
the computation of OT can be expensive and the pop-
ular regularized Wasserstein metric may introduce addi-
tional blurring. We generalize the back-and-forth method
on computing the accurate OT for two marginals to multi-
ple marginals, and illustrate by examples the faithful joint
recover of images with sharp boundaries, with the applica-
tions of sea ices.
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CP16

Performant Global Sensitivity Analysis Using
GlobalSensitivity.jl

With increasing adoption of Global Sensitivity Analysis as
part of modelling workflow in various domains with large
models such as climate science or quantitative systems
pharmacology, there is an urgent need for optimized and
scale able GSA implementations. Such optimization can
come through both algorithmic improvements, and through
utilization of modern and extensible scientific computing
stack. GlobalSensitivity.jl is a generalized GSA package
written in the Julia programming language which makes it
capable of handling varied problems due to composability
offered by julia. The built-in support for parallelism allows
analysis of large models with significant simulation over-
head with ease for domain scientists looking to use GSA.
Currently GlobalSensitivity.jl supports the Sobol, Morris,
eFAST, Regression based, DGSM, Delta Moment, EASI,
Fractional Factorial and RBD-FAST GSA methods. This
talk will cover a comprehensive tutorial of running vari-
ous different GSA methods and analysing their results us-
ing visualizations on the Lotka-Volterra differential equa-
tion model using SciML’s DifferentialEquantions.jl pack-
age. Further, there will be a focus on demonstrating use
of GSA in Pharmacometrics by analyzing some example
PK/PD, PBPK and QsP models. For this purpose the
talk will include tutorials focused on using Pumas for run-
ning GSA and post processing results to derive insights on
a PK/PD model of Hepatitis-C Virus (HCV) and a PBPK
model for Voriconazole.
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CP16

High Dimensional Sensitivity Analysis Method for
a Computationally Expensive Code

Calculation tools are commonly used to understand and
predict physical phenomena. Often, these simulation codes
uses many input parameters to characterize the studied
phenomenon. In this context, a sensitivity analysis can
be performed in order to study the behavior of these codes
with respect to the variations of the uncertain inputs. How-
ever, the large CPU-time cost of some codes limits the sam-
ple size of simulations and requires the use of appropriate
strategies to perform this sensitivity analysis. To comply
with these constraints, a specific methodology has been de-
veloped, built upon two main steps. First, a screening of
influential inputs is performed using two recent global sen-
sitivity tools: first order Sobol indices with new estimators
based on rank statistics, and the Hilbert-Schmidt Indepen-
dence Criterion which relies on covariance operators in re-
producing kernel Hilbert spaces. Then, from screening re-
sults, the outputs of interest are approximated by Gaussian
process metamodel. Higher order and total Sobol indices
can therefore be estimated with the obtained metamodels

for a more accurate sensitivity analysis. The development
of this methodology is carried out in the context of severe
nuclear accidents. Tools are applied on a simulator of fuel-
coolant interaction that can lead to the steam explosion
phenomenon. The complexity of the studied phenomenon
leads to many uncertain inputs ( 60 parameters), and a
long CPU-time( 12 hours) for each code run.
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CP16

Dynamic Mode Decomposition for Flow and Trans-
port Problems

Dynamic mode decomposition (DMD) is a powerful data-
driven technique for construction of reduced-order models
(ROMs) of complex dynamical systems. Despite its popu-
larity, DMD and other singular-value decomposition (SVD)
based techniques (e.g., POD) struggle to formulate accu-
rate ROMs for advection-dominated problems because of
the nature of SVD-based methods. We investigate this
shortcoming of conventional POD and DMD methods for-
mulated within the Eulerian framework. Then we propose
a Lagrangian-based DMD method to overcome this so-
called translational problem. Our approach is consistent
with the spirit of physics-informed DMD since it accounts
for the evolution of characteristic lines. Furthermore,
we address the limitation of Lagrangian DMD in hyper-
bolic problems with shocks and propose a physics-informed
DMD based on hodograph transformation. This strategy
is consistent with the spirit of physics-aware DMDs in that
it retains information about shock dynamics. Several nu-
merical tests are presented to demonstrate the accuracy
and efficiency of the proposed methods.

Hannah Lu
Stanford University
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CP16

Polynomial Chaos Methods for Nonlinear Partial
Differential Equations with Correlated Gaussians
Parameters

In uncertainty quantification, polynomial chaos is a non-
sampling technique used to approximate the solution of a
stochastic partial differential equation. The solution is es-
timated by a polynomial expansion truncated to finitely
many terms, whose deterministic coefficient functions are
recovered through Galerkin projections. In the presence of
multiple uncertainties, the projection step introduces prod-
ucts (nth order moments) of the basis polynomials, where n
is the degree of nonlinearity of the governing PDE. When
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these uncertainties are represented by correlated random
variables, there is no closed-form expression for these prod-
ucts, even when the uncertainties have a joint Gaussian dis-
tribution. Consequently, the products are typically com-
puted via sampling methods, which can: (a) become com-
putationally expensive to implement, and (b) introduce er-
rors if the sample count is insufficient. In recent work, a
new expression was found for the simple and efficient eval-
uation of the double products (second order moments) of
the basis polynomials (multivariate Hermite) with corre-
lated Gaussian inputs. We present a formula for the nth
order product in terms of the double product computa-
tions. This formula will allow polynomial chaos methods
to be more readily applied to solving stochastic nonlinear
PDEs with correlated Gaussian parameters.
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Stanford University
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CP16

Multifidelity Polynomial Chaos Expansion Using
Leja Grid Points

The high computational cost of the models is one of the ma-
jor hurdles for performing the forward uncertainty quan-
tification (UQ) analysis. To overcome this problem, we use
the multifidelity modelling within the forward UQ setup.
We combine the information from different hierarchies of
fidelities to obtain the statistical moments of the highest
fidelity model by consuming low computational resources.
We use polynomial chaos expansion (PCE) to obtain the
statistical moment. In order to build the PCE, we use the
low fidelity function and a discrepancy function. The dis-
crepancy function models the transformation done on the
low-fidelity model to convert it to a high fidelity model.
We model the transformation in the form of a linear com-
bination of an addition term and a multiplication term.
We perform this operation recursively on each level, to fi-
nally obtain the PCE of the highest fidelity model. We
use the sparse combination technique to combine polyno-
mials of different orders. We adaptively choose the model
evaluation points based on the surplus of the variance. We
also use the leja grid points to further decrease the model
evaluations. Finally, we show using different examples that
we can efficiently obtain the statistical moments using our
proposed method.
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CP16

Likelihood Free SAMC

Approximate Bayesian Computation (ABC) has become a
valuable tool for Bayesian Uncertainty Quantification, as
it enables inference to be made even when the likelihood
is intractable. ABC methods can produce unreliable infer-
ence when they introduce high approximation bias into the
posterior through careless specification of the ABC kernel.
Additionally, MCMC-ABC methods often suffer from the
local trapping problem which causes poor mixing when the
tolerance parameter is low. We introduce a new ABC al-
gorithm, the Stochastic Approximation Monte Carlo ABC
(SAMC-ABC), which enables Bayesian Uncertainty Quan-
tification in increasingly complex systems where inference
was previously unreliable. SAMC-ABC adaptively con-
structs the ABC likelihood kernel, both reducing the ap-
proximation bias and providing immunity to the local trap-
ping problem. We demonstrate the performance of the pro-
posed algorithm with some benchmark examples and find
that the method outperforms its competitors. We use our
algorithm to analyze a computer model which describes
the transmission of the Ebola virus against data from the
2014-15 Ebola outbreak in Liberia.
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CP17

Data-Driven Model Correction for Complex Dy-
namical Systems with Application in Sea Ice Mod-
eling

We propose a numerical method to correct existing models
from measurement data using deep neural networks. Exist-
ing models such as PDEs are often used to predict system
dynamics, but they may be inaccurate and have discrepan-
cies with measurement data. Deep neural networks correct
the existing system and compensate for the model error.
We validate the proposed method on a set of numerical
tests including linear and nonlinear hyperbolic PDEs in
addition to an application in sea ice.
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CP17

Expert Elicitation and Opinion Aggregation for
Bayesian Prior Construction with Application to
the U.S. Steel Flow Analysis

The elicitation of expert knowledge in the form of the
subjective probability distribution is an important as-
pect of prior construction in Bayesian statistical inference.
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However, phycologists have identified several issues that
may cause systematic errors during elicitation. Individual
knowledge may be influenced by heuristics and biases in-
cluding anchoring, availability, and overconfidence. Com-
bining multiple experts judgments through behavioral ag-
gregation could be affected by pressure for consensus and
strong personality within the group of experts. A system-
atic and mathematical approach to aggregating experts in-
formation can avoid these potential challenges, where ex-
perts are also scored by performance on empirical data such
as seeding questions. However, these performance scores
also need to be validated, which we achieve through out-of-
sample validation. This talk describes a recent application
of expert elicitation for Bayesian prior construction in the
U.S. steel flow analysis.
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CP17

Numerical Studies of Bayesian Quadrature Applied
to Offshore Wind Turbine Load Estimation

Offshore wind turbine (OWT) new technologies tend to
reach for more difficult and uncertain environmental con-
ditions. This industry needs probabilistic tools to manage
risks associated to OWT operation and maintenance. The
OWT behavior is computed by a transient costly multi-
physics numerical simulation code developed by EDF R&D
and deployed on a high performance computer. To propa-
gate the various sources of uncertainties through such nu-
merical models, identifying the best sample to estimate a
specific quantity of interest is of prime importance. Histori-
cally, sampling methods such as low-discrepancy sequences
were proven to improve the Monte Carlo reference conver-
gence rate. An alternative strategy is to emulate the costly
function by a regression model. For instance, using a Gaus-
sian process regression model provides an estimation of the
regression error represented by the variance of the Gaussian
process conditioned to the learning sample. This property
is widely exploited by adaptive methods for optimization,
rare event and quadrature estimation to iteratively pick
samples with respect to a specific goal. The aim of this
work is to perform a numerical comparison between vari-
ous adaptive quadrature methods to estimate the expected
value of the mechanical loads of an OWT over environ-
mental random variables. Additionally, theoretical equiv-
alences between Bayesian quadrature and Kernel Herding
using Maximum Mean Discrepancy shall be verified on an
industrial use case.

Elias Fekhari, Matteo Capaldo, Vincent Chabridon,
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EDF R&D
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CP17

Uncertainty Quantification in Hierarchical Vehicu-
lar Flow Models

Although traffic models have been extensively studied, ob-
taining reliable forecast from these models is still challeng-
ing, since the evolution of traffic is also exposed to the
presence of uncertainties. In this talk, we will investigate
the propagation of uncertainties in traffic flow models, es-
pecially we focus on kinetic models of BGK type, which

allow to derive a hierarchy of traffic models including a
hydrodynamic description by considering different spatial
and temporal scales. The kinetic BGK–model is extended
by introducing a parametric stochastic variable to describe
possible uncertainty in traffic. The interplay of uncertainty
with the given model hierarchy is studied in detail. Theo-
retical results on consistent formulations of the stochastic
differential equations on the hydrodynamic level are given.
The effect of the possibly negative diffusion in the stochas-
tic hydrodynamic model is studied and numerical simula-
tions of uncertain traffic situations are presented.

Elisa Iacomini, Michael Herty
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CP17

Optimization Under Uncertainty of a 3-D Magne-
tohydrodynamic Generator

Magnetohydrodynamics (MHD) is the study of an
electrically-conductive medium flowing through a magnetic
field. By artificially generating and accelerating a plasma
under a strong magnet, an electric field and current spon-
taneously arise. Doing so within a channel, with electrodes
strategically placed and loaded, the power within the chan-
nel can be harvested. The governing equations for this
multi-physics problem consists of Navier-Stokes, Maxwell’s
equations, and the generalized Ohm’s law. We choose to
focus on the kinematic MHD equations for optimization
purposes, and thus neglect the fluid equations, and assume
a stationary system. Within MHD generators, the angle
between electrodes, and the load being placed on the chan-
nel, dramatically affect performance. The optimal choice
of these parameters depend upon the given state of the sys-
tem, implying that the optimal parameter set may change
based on current conditions. Thus, choosing these optimal
parameters within an operational generator must be done
from estimates of the state parameters, which must include
uncertainty due to aleatoric noise and the indirect mea-
surements of the state parameters. With this in mind, we
propose an optimization scheme that utilizes the stochastic
collocation method to maximize the expected power of the
MHD generator. Numerical implementation of this method
is discussed, concluding with demonstrations of the feasi-
bility of the optimization under uncertainty scheme.
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CP18

Surrogate Modeling for High-Dimensional Engi-
neering Problems

In engineering analysis, complex physics models are often
replaced with surrogate models in order to achieve com-
putational efficiency when the physics models need to run
multiple times. The quality and quantity of data collected
from the expensive physics model is crucial to the accuracy
of the surrogate models. We present a novel approach to
construct surrogate models for high-dimensional engineer-
ing problems. Methods for dimension reduction for both
the input and output are investigated: variance-based sen-
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sitivity analysis and active subspace discovery for the in-
put space; singular value decomposition (SVD), random
projection, randomized SVD, and diffusion map for the
output space. The most effective combination of options
for input and output dimension reduction is identified, and
Gaussian process surrogate models are constructed in the
low-dimensional space. The predictions of the quantities of
interest in the original high-dimensional space are obtained
using the surrogate models. The errors associated with the
predictions consist of surrogate errors and reconstruction
errors, and a systematic approach is developed to quantify
and compare the relative contributions of the two types of
errors. An analysis on an aircraft fuselage panel is used to
compare various dimension reduction techniques for surro-
gate model construction for high-dimensional problems, in
terms of both accuracy and computational effort.
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CP18

Multi-Fidelity Uncertainty Quantification in Addi-
tive Manufacturing

Sophisticated additive manufacturing (AM) models are ac-
curate but computationally expensive, whereas analytical
models with simplified physics are fast but have significant
prediction errors. This work presents a Bayesian approach
for constructing a multi-fidelity prediction and uncertainty
quantification model by fusing information from physics-
based models of different fidelity and experimental data.
A surrogate model is first constructed to replace the LF
model. Variance-based sensitivity analysis is then carried
out using the surrogate model to identify the model pa-
rameters to be calibrated. The lower fidelity (LF) model is
corrected in two stages: first using the higher fidelity (HF)
model simulation results and then the experimental data.
Bayesian calibration is used to calibrate the correction fac-
tors and the LF model parameters to account for and quan-
tify the uncertainty in the process. The proposed method-
ology is demonstrated for the laser powder bed fusion AM
process. The HF multiphysics model, which accounts for
heat transfer, fluid flow, phase change, laser-material in-
teractions, etc., and the LF approximate heat conduction
model are combined to predict the lack-of-fusion porosity
in an additively manufactured part.
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Title of the Paper Sequential Experimental Design
for Materials Strength Model Calibration

Due to the time and expense associated with physical ex-
periments, the next experimental conditions should be cho-
sen optimally to inform parameter estimation. For lower-
strain-rate experiments related to material strength, stress-
strain curves are obtained as experimental data. We seek

to calibrate the material strength models, and we em-
ploy mutual information, based on Shannon entropy, to
select which experiment should be performed to achieve
the greatest reduction in strength model parameter un-
certainty. Moreover, we adapt the existing framework to
handle the functional output of the strength experiments.
LLNL-ABS- 827713 This work was performed under the
auspices of the U.S. Department of Energy by Lawrence
Livermore National Laboratory under Contract DE-AC52-
07NA27344.
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CP18

Reliability and Risk Metrics to Assess Adequacy
and Flexibility of Bulk Power Systems

Bulk power systems (BPS) need to deal with supply and
demand uncertainty, as well as the unplanned and sud-
den loss of system elements (generators, transmission lines,
etc.). In recent years, increasing participation of renewable
energy sources (RES) has significantly increased the supply
side uncertainty and therefore increased BPS vulnerability
to inadequate and inflexible power supply. In this work,
we present reliability and risk metrics to evaluate the ade-
quacy and flexibility of BPS market clearing solutions for
unit commitment and economic dispatch. The proposed
approach could either support the evaluation of solutions
from existing deterministic approaches - which do not ex-
plicitly consider uncertainty or risk - or be incorporated
in a fully stochastic optimization for market clearing. We
define three levels of system assessment metrics that con-
sider conditional expectation, probability of failure, and
risk. The first two metrics can be used for reliability as-
sessment, whereas the third metric considers the (mone-
tary) consequence to evaluate the risk. We demonstrate
the computation of these metrics to assess reliability and
risk for a 200-bus synthetic grid.
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CP18

Uncertainty Quantification for PDEs on Graphs
and Applications to Simulations of Gas Networks

In this talk we will present a new uncertainty quantification
(UQ) method that enables accurate uncertainty quantifi-
cation (UQ) paradigm for energy networks to characterize
input/output relationships of energy supply and delivery
variability in both time and space. Our approach is based
on semi-intrusive Stochastic Finite Volume (SFV) method
to quantify the uncertainties arising due to random model
coefficients in our underlying hyperbolic PDE that models
the gas flow. The SFV method requires some modifica-
tions of the deterministic code which however only involve
additional integration of the numerical fluxes over the cells
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in the stochastic space and are therefore considered mild.
This approach preserves the hyperbolicity of the model,
and at the same time is more computationally efficient
than e.g. Monte Carlo method. We then extend the SFV
method to perform uncertainty quantification on a graph of
PDEs and apply the method to gas networks. A crucial in-
gredient for the numerical modelling of gas pipe networks is
an accurate treatment of physical constraints at pipe junc-
tions. These constraints include, for example continuity of
pressure and conservation of flow. The numerical fluxes at
junctions are obtained by solving a Junction-Generalized
Riemann problem. We demonstrate the results of our SFV
approach first for a single pipe and then for a test network
of gas pipes.
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MS1

Hypothesis Testing for Spatial Fields Generated by
Climate Models

Climate model evaluation and diagnosis often involves
comparing spatial fields. The fields might be two different
model runs, as is the case in various model intercompari-
son projects (MIPs), or one model-generated field and one
derived from observational data. Traditionally, such com-
parisons are based on simple descriptive statistics such as
root-mean-squared error, and are only relative: there is no
probability model that can be used to conduct a hypothe-
sis test for determining whether the differences are signifi-
cant. To accomplish that, one needs to generate ensembles
of these statistics, under a suitably defined null-hypothesis
on spatial structure. Here, we explore the use of Kernel
Flows (KF; Owhadi and Yoo, 2019) to fit a spatial model
to a climate-model-generated spatial field (the parent), and
simulate statistical replicates from it. KF is a computa-
tionally efficient algorithm for estimating parameters from
large data sets. In effect, we exploit internal variability
of the parent to create new, random realizations that pre-
serve spatial structure in a statistical sense. A test statistic
that quantifies the difference between two fields can then
be computed over the ensemble to yield a null distribution.
In this talk, we demonstrate the idea using climate model
runs from the CMIP6 archive.
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MS1

In-Situ Spatial Inference and Extreme Value Mod-
eling of Climate Data in E3SM

As extreme-scale climate simulation becomes increasingly
memory and storage expensive, the ability to access full
simulation data for statistical analysis is becoming increas-
ingly limited. The capability to perform in-situ statistical
inference of state variables is becoming critical for leverag-
ing these huge amounts of data. In this work, we report
the results fitting scalable Gaussian process regression to
the state information of the E3SM climate model in-situ.
We present both spatial regression of near-surface temper-
ature data and modeling of temperature extremes was per-
formed using the Julia programming language coupled to
the E3SM simulation. The resulting inference model uses
distributed, sparse Gaussian processes for capturing spa-
tial variation, showing strong predictive performance using
a small number of representative observations. These re-
sults provide the backbone for more general in-situ spatial
inference with Gaussian process models in complex physics
simulations.
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On the Extreme Event Probability Estimation of
Land Ice Melting

We explore forward uncertainty quantification methods
that rely on optimization to estimate the probability of
certain levels of sea level change due to ice mass loss/gain.
The uncertainty is due to our imperfect knowledge of the
present state of ice sheets, the governing equations and fu-
ture climate forcing. The proposed UQ methods build on
ideas from PDE-constrained optimization and the prob-
ability estimation of tail probabilities. Standard Monte
Carlo methods may require an infeasible large number of
expensive forward simulations to obtain useful estimates.
Being able to replace such sampling with an optimization
problem is likely to be computationally favorable.

Kim Liegeois
Sandia National Laboratories
knliege@sandia.gov

Mauro Perego
CCR Sandia National Laboratories
mperego@sandia.gov

Georg Stadler



Conference on Uncertainty Quantification (UQ22)                                                    3130 UQ22 Abstracts

Courant Institute for Mathematical Sciences
New York University
stadler@cims.nyu.edu

MS1

Spatio-Temporal Land Model Calibration Using
Karhunen-Loeve Expansions

Computationally expensive climate models challenge
ensemble-intensive studies such as parameter estimation,
uncertainty quantification, and experimental design. To
make such studies tractable, we build accurate surrogate
approximations to map from input parameters to output
quantities of interest. The model of interest is the land
component of the Energy Exascale Earth System Model
(E3SM). Besides the large number of input parameters, cal-
ibrating the model is challenged by the high-dimensional,
spatio-temporal output fields of model evaluations and ob-
servational data. We employ Karhunen-Loeve (KL) expan-
sions to represent the spatio-temporal outputs in terms
of a small number of eigenmodes. Each KL coefficient
is approximated by parametric surrogate models such as
neural networks. The resulting spatio-temporal surro-
gate is then employed in Bayesian calibration of E3SM
land model (ELM) parameters using gridded observation
datasets. The observational data is also projected to the
KL eigenmodes to construct likelihood functions with re-
spect to the de-correlated features. These likelihood func-
tions are further enhanced by embedded statistical error
terms representing model structural errors. We will demon-
strate the full workflow of ELM surrogate construction, cal-
ibration and uncertainty attribution to components due to
surrogate errors, parametric uncertainty and model struc-
tural errors, and how this information advances predictive
understanding of the Earth system.
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MS2

Multi Agent Reinforcement Learning for Complex
Systems

The modeling of turbulent flows is critical to scientific
and engineering problems ranging from aircraft design to
weather forecasting and climate prediction. Over the last
sixty years numerous turbulence models have been pro-
posed, largely based on physical insight and engineering
intuition. Recent advances in machine learning and data
science have incited new efforts to complement these ap-
proaches. To date, all such efforts have focused on super-
vised learning which, despite demonstrated promise, en-
counters difficulties in generalizing beyond the distribu-
tions of the training data. In this work we introduce multi-
agent reinforcement learning (MARL) as an automated dis-
covery tool of turbulence models. We demonstrate the po-
tential of this approach on Large Eddy Simulations of ho-
mogeneous and isotropic turbulence using as reward the re-
covery of the statistical properties of Direct Numerical Sim-
ulations. Here, the closure model is formulated as a control
policy enacted by cooperating agents, which detect critical
spatio-temporal patterns in the flow field to estimate the
unresolved sub-grid scale (SGS) physics. The present re-
sults are obtained with state-of-the-art algorithms based

on experience replay and compare favorably with estab-
lished dynamic SGS modeling approaches. Moreover, we
show that the present turbulence models generalize across
grid sizes and flow conditions as expressed by the Reynolds
numbers.
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Kronecker Product Dual Layers for Deep Learning

We introduce Kronecker dual layers (KDL) as a novel class
of architectures for deep neural networks. Our approach
differs from existing deep learning paradigms that exercise
Kronecker product structure: we formulate new types of
architectures that implicitly compress weight and bias ma-
trices using Kronecker product approximations. Training
due to backpropagation with these architectures is sub-
stantially accelerated using a KDL framework compared
to analogous fully connected layers, and we demonstrate
on real datasets that KDL neural networks are more effi-
cient at prediction as well.

Akil Narayan, Jarom Hogue, Robert Kirby
University of Utah
akil@sci.utah.edu, jdhogue@sci.utah.edu,
mkirby@cs.utah.edu

MS2

Active Neuron Least Squares: A Training Method
for Rectified Neural Networks

In this talk, we will present the Active Neuron Least
Squares (ANLS), an efficient training algorithm for neural
networks (NNs). ANLS is designed from the insight gained
from the analysis of gradient descent training of NNs, par-
ticularly, the analysis of Plateau Phenomenon. The core
mechanism is the option to perform the explicit adjustment
of the activation pattern at each step, which is designed to
enable a quick exit from a plateau. The performance of
ANLS will be demonstrated and compared with existing
popular methods in various learning tasks ranging from
function approximation to solving PDEs.

Yeonjong Shin
Brown University
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MS2

The Approximation Theory of Shallow Neural Net-
works

A shallow neural network is a linear combination of ridge
functions whose profile is determined by a fixed activation
function. We will introduce spaces of functions which can
be efficiently approximated by shallow neural networks for
a wide variety of activation functions and analyze their
properties. Specifically, we will compute their metric en-
tropy and n-widths, which are fundamental quantities in
approximation theory that control the limits of linear and
non-linear approximation and statistical estimation for a
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given class of functions. Consequences of these results in-
clude: the optimal approximation rates which can be at-
tained for shallow neural networks, that shallow neural net-
works dramatically outperform linear methods of approxi-
mation, and even that shallow neural networks are optimal
among all non-linear methods on these spaces, if continuity
of the non-linear method is required. Finally, we discuss
algorithmic aspects of approximation by shallow networks.
Specifically, we analyze a class of greedy algorithms and
show that they can attain the theoretically optimal ap-
proximation rates.

Jonathan Siegel
Penn State University
jus1949@psu.edu

MS3

On Graphical Gaussian Processes for Highly Mul-
tivariate Spatial Data

For multivariate spatial (Gaussian) process models, com-
mon cross-covariance functions do not exploit graphi-
cal models to ensure process-level conditional indepen-
dence among the variables. This is undesirable, espe-
cially for highly multivariate settings, where popular cross-
covariance functions such as the multivariate Matrn suffer
from a ”curse of dimensionality” as the number of param-
eters and floating point operations scale up in quadratic
and cubic order, respectively, in the number of variables.
We propose a class of multivariate ”graphical Gaussian
Processes” using a general construction called ”stitching”
that crafts cross-covariance functions from graphs and en-
sure process-level conditional independence among vari-
ables. For the Matrn family of functions, stitching yields a
multivariate GP whose univariate components are exactly
Matrn GPs, and conforms to process-level conditional in-
dependence as specified by the graphical model. For highly
multivariate settings and decomposable graphical models,
stitching offers massive computational gains and parame-
ter dimension reduction. We demonstrate the utility of the
graphical Matrn GP to jointly model highly multivariate
spatial data using simulation examples and an application
to air-pollution modelling. This is a joint work with Deban-
gan Dey and Abhirup Datta (Johns Hopkins University).

Sudipto Banerjee
Department of Biostatistics
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MS3

Efficient Uncertainty Propagation and Estimation
in Microscopic Imaging Analysis

In the first half of the talk, we will discuss uncertainty
quantification and estimation in differential dynamic mi-
croscopy (DDM-UQ), a Fourier-based image analysis tool
to extract physical information of dynamical properties, in-
cluding the intermediate scattering function, mean squared
displacement and bulk modulus. Despite its straightfor-
ward analysis, DDM has not been fully adopted as a rou-
tine characterization tool, largely due to computational
cost and lack of algorithmic robustness. We present statis-
tical analysis that propagates the uncertainty of the imag-
ing noise through the Fourier analysis, reduces the com-
putational order by Gaussian process regression, and en-
hances the robustness of the analysis. In the second part of
the talk, we will introduce our recent experimental study

of dynamic processes of cellular alignment in a system of
human dermal fibroblasts, when placed on a liquid crystal
elastomer with a molecularly aligned, crosslinked, orienta-
tional field.

Mengyang Gu
Department of Statistics and Applied Probability
University of California, Santa Barbara
mengyang@pstat.ucsb.edu

MS3

In Situ Uncertainty Quantification

The Department of Energys investment in exascale com-
puting will enable simulations with unprecedented resolu-
tion. This will let scientists investigate fine-scale behav-
ior in areas of interest to DOE such as climate and space
physics. However, the computational power of exascale
machines ha outstripped their I/O and storage capacity
which will make some forms of post hoc analysis impossi-
ble. To address this, we are working on methods for in situ
uncertainty quantification, that is analysis done inside the
simulations as they are running. I will provide an overview
of the problem and describe some of the work that we are
doing at LANL to fit Bayesian hierarchical models to data
inside of simulations of climate and space weather.

Earl Lawrence
Los Alamos National Laboratory
earl@lanl.gov

MS3

Deep Gaussian Processes for Uncertainty Quantifi-
cation in Non-Stationary Computer Simulations

Deep Gaussian processes (DGPs) are increasingly popu-
lar as predictive models in machine learning for their non-
stationary flexibility and ability to cope with abrupt regime
changes in training data. The layered structure of the DGP
likelihood makes direct inference impossible. Existing vari-
ational inference methods offer thrifty predictions but over-
simplify uncertainties, particularly in the low data settings
common in computer experiments. To achieve full uncer-
tainty quantification, we present a novel elliptical slice sam-
pling Bayesian posterior inferential scheme for DGP surro-
gates. Elliptical slice sampling is particularly suited for
sampling latent Gaussian layers as it is free of tuning pa-
rameters and is able to bounce readily between multiple
modes. Efficient computation relies on parsimonious lay-
outs of latent layers, effective mixing of MCMC chains,
and careful utilization of parallel processing. Our meth-
ods are illustrated on simulation data and real computer
experiments of varying input dimensionality. We provide
an open source implementation in the “deepgp package on
CRAN.

Annie Sauer
Virginia Tech
anniees@vt.edu

MS4

A Splitting Algorithm for Dynamical Low-Rank
Approximation Motivated by the Fibre Bundle
Structure of Matrix Manifolds

We present a new splitting algorithm for dynamical low-
rank approximation motivated by the fibre bundle struc-
ture of the set of fixed rank matrices. We first introduce
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a geometric description of the set of fixed rank matri-
ces which relies on a natural parametrization of matrices.
More precisely, it is endowed with the structure of ana-
lytic principal bundle, with an explicit description of lo-
cal charts. For matrix differential equations, we introduce
a first order numerical integrator working in local coor-
dinates. The resulting algorithm can be interpreted as
a particular splitting of the projection operator onto the
tangent space of the low-rank matrix manifold. Numerical
experiments for the resolution of dynamical systems with
uncertain parameters are presented.
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MS4

Dynamical Low-Rank Approximation to Treat Un-
certainty in Hyperbolic Problems

Quantifying uncertainties in hyperbolic equations is a
source of several challenges. First, the solution forms
shocks, which can lead to oscillatory behavior in the nu-
merical approximation. Second, the number of unknowns
required for an effective discretization of the solution grows
exponentially with the dimension of the uncertainties,
yielding high computational costs and large memory re-
quirements. An efficient representation of the solution via
adequate basis functions permits tackling these difficulties.
The generalized polynomial chaos (gPC) polynomials allow
such an efficient representation when the distribution of
the uncertainties is known. These distributions are usually
only available for input uncertainties such as initial con-
ditions, therefore the efficiency of this ansatz can get lost
during runtime. In this talk, we will make use of the dy-
namical low-rank approximation (DLRA). This guarantees
an efficient approximation of the solution even if the under-
lying probability distributions change over time. Further-
more, filters to mitigate the appearance of spurious oscilla-
tions are implemented, and a strategy to enforce boundary
conditions is introduced.
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MS4

Rank-Adaptive Tensor Methods for High-
Dimensional Nonlinear PDEs

We present a new rank-adaptive algorithm for temporal
integration of high-dimensional nonlinear PDEs on tensor
manifolds. The new algorithm combines functional ten-
sor train (FTT) series expansions, operator splitting time
integration, and a new criterion to add or remove tensor
tensor modes from the PDE solution as time integration
proceeds. This allows us to overcome well-known compu-
tational challenges associated with dynamic tensor approx-
imation, including low-rank modeling errors and the need
to invert the covariance matrix of the FTT modes at each
time step. Numerical applications are presented and dis-
cussed for linear and nonlinear advection problems, and for
the Fokker-Planck equation.

Daniele Venturi
Department of Applied Mathematics
University of California Santa Cruz
venturi@ucsc.edu

MS4

Variational Formulation and Stability Properties of
a Projector-Splitting Scheme for Dynamical Low
Rank Approximation of Random Parabolic Equa-
tions

Dynamical Low Rank (DLR) approximation for time-
dependent problems with random parameters can be seen
as a reduced basis method, in which the solution is ex-
panded as a linear combination of few deterministic func-
tions with random coefficients. The spatial basis is free to
evolve in time, thus adjusting at each time to the current
structure of the solution. In this talk we consider the DLR
approximation of random parabolic equations and propose
a class of fully discrete numerical schemes. Similarly to the
continuous DLR approximation, our schemes are shown
to satisfy a discrete variational formulation. By exploit-
ing this property, we establish stability of our schemes:
we show that our explicit and semi-implicit versions are
conditionally stable under a parabolic type CFL condition
which does not depend on the smallest singular value of
the DLR solution; whereas our implicit scheme is uncondi-
tionally stable. Moreover, we show that, in certain cases,
the semi-implicit scheme can be unconditionally stable if
the randomness in the system is sufficiently small. Fur-
thermore, we show that these schemes can be interpreted
as projector-splitting integrators and are strongly related
to the scheme proposed in [C. Lubich, I. V. Oseledets: A
projector-splitting integrator for dynamical low-rank ap-
proximation. Bit Numer Math, 2014], to which our sta-
bility analysis applies as well. The analysis is supported
by numerical results showing the sharpness of the obtained
stability conditions.
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MS5

Hierarchical Methods for Bayesian Experimental
Design

This talk presents a multilevel double-loop Monte
Carlo (MLDLMC) method for efficiently computing the
Expected Information Gain (EIG) criterion used in
simulation-based Bayesian optimal experimental design for
nonlinear models. The multilevel approach uses the simu-
lation model on a hierarchy of meshes with different reso-
lutions as generalized control variates for the EIG with a
model on a fine enough mesh given the desired accuracy.
We use Laplace approximations to construct importance-
sampling measures to reduce the computational work for
the inner-loop sample averaging. We determine the val-
ues for the method parameters by minimizing the average
computational work, subject to satisfying the desired er-
ror tolerance with a specified probability of success. The
computational efficiency of MLDLMC for computing EIG
is demonstrated for an electrical impedance tomography
experiment where the goal is to infer the fiber orientation
in composite laminate materials from experimental data.
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MS5

Bayesian Learning of Multifidelity Surrogate Net-
works: Mcmc and Variational Inference Ap-
proaches

This talk discusses Bayesian inference methodologies for
MFNets – a paradigm for multifidelity information fusion
via directed acyclic graphs. MFNets provide a flexible ap-
proach to modeling the relationships between unstructured
ensembles of models and information sources by linking the
outputs of each information source though a network of
models. As a result, data on a high-fidelity information
source informs a full cascade of it’s ancestral information
sources. In this talk we discuss Bayesian learning of the pa-
rameters of this network. We discuss both sampling-based
methodologies targeting the full posterior, as well as vari-
ational approaches for its approximation. We demonstrate
the complexity of the shape of the posterior and its result-
ing challenges for sampling methods. We also demonstrate
the performance of variational inference methodologies and
discuss their challenges for representing highly complex
multi-modal behavior. Examples from both synthetic and
physical models are provided.

Alex Gorodetsky, Trung Pham
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MS5

Parameter Estimation for the McKean-Vlasov
Stochastic Differential Equation

We consider the problem of parameter estimation for a
stochastic McKean-Vlasov equation, and the associated
system of weakly interacting particles. We first establish
consistency and asymptotic normality of the offline maxi-
mum likelihood estimator for the interacting particle sys-
tem in the limit as the number of particles . We then pro-
pose an online estimator for the parameters of the McKean-
Vlasov SDE, which evolves according to a continuous-time
stochastic gradient descent algorithm on the asymptotic
log-likelihood of the interacting particle system. We prove
that this estimator converges in to the stationary points of
the asymptotic log-likelihood of the McKean-Vlasov SDE
in the joint limit as and , under suitable assumptions which
guarantee ergodicity and uniform-in-time propagation of
chaos. We then demonstrate, under the additional assump-
tion of global strong concavity, that our estimator con-
verges in to the unique maximiser of this asymptotic log-
likelihood function, and establish an convergence rate. We
also obtain analogous results under the assumption that,
rather than observing multiple trajectories of the interact-
ing particle system, we instead observe multiple indepen-
dent replicates of the McKean-Vlasov SDE itself or, less
realistically, a single sample path of the McKean-Vlasov
SDE and its law. Our theoretical results are demonstrated
via two numerical examples, a linear mean field model and
a stochastic opinion dynamics model.
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MS5

Multilevel Estimation of Normalization Constants
Using the Ensemble Kalman-Bucy Filter

In this article we consider the application of multilevel
Monte Carlo for the estimation of normalizing constants.
In particular we make use of the filtering algorithm, the
ensemble Kalman-Bucy filter (EnKBF), which is an N-
particle representation of the Kalman-Bucy filter (KBF).
The EnKBF is of interest as it coincides with the optimal
filter in the continuous-linear setting, i.e. the KBF. This
motivates our particular setup in the linear setting. The
resulting methodology we use is the multilevel ensemble
Kalman-Bucy filter (MLEnKBF). We provide an analysis
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based on deriving Lq-bounds for the normalizing constants
using both the single-level, and the multilevel algorithms.

Hamza Ruzayqat, Neil Chada, Ajay Jasra
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MS6

Low-Rank Bures-Wasserstein Barycenters

We study the problem of estimation and computation
of Bures-Wasserstein barycenters from rank-one measure-
ments. In particular, we prove convexity properties of the
energy function, which ensure fast statistical rates as well
as efficient computation. We highlight an intriguing con-
nection with low-rank matrix recovery problems that yield
efficient and novel algorithms for this task.

Tyler Maunu
Brandeis University
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MS6

Low-Rank Regularized Optimal Transport Meets
the Generalized Bayesian Inversion

I will present a class of hierarchically low-rank optimal
transport (OT) dissimilarity measures that overcome the
computational limitations of the celebrated Wasserstein
metric. The new class of measures are obtained through a
combination of the entropic regularization of OT problem,
the hierarchical matrix technique, and data normalization.
Motivated by recent improvements put forth by Cuturi and
others, I will analyze and implement a new algorithm that
computes a hierarchically low-rank approximation of the
entropic regularized OT problem. The algorithm exploits
the Kronecker structure and the asymptotic regularity of
the underlying kernel matrix in Sinkhorns algorithm of
regularized OT to achieve quasi-linear time and memory
complexity. The application of the new OT measure to
problems involving signed data, where positivity and mass
balance are not expected, will be addressed by data nor-
malization. The main challenge with data normalization
is the possible loss of convexity. Employing a one-to-one
and smooth normalization with appropriate pre-selected
hyperparameters, I will show that the proposed normal-
ized OT measure preserves strong convexity as well as Lip-
schitz continuity. Relevant real-world applications include
2D quantum data, 3D seismic data (e.g. the USArray), and
4D functional magnetic resonance imaging (fMRI) data. I
will also discuss a general Bayesian framework based on
the proposed measure for structured, signed data.
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MS6

Linearised Optimal Transport Distances

Optimal transport is a powerful tool for measuring the dis-
tances between signals. A common choice is to use the
Wasserstein distance where one is required to treat the sig-
nal as a probability measure. This places restrictive condi-
tions on the signals and although ad-hoc renormalisation
can be applied to sets of unnormalised measures this can
often dampen features of the signal. The second disadvan-
tage is that despite recent advances, computing optimal

transport distances for large sets is still difficult. In this
talk I will focus on the Hellinger–Kantorovich distance,
which can be applied between any pair of non-negative
measures. I will describe how the distance can be lin-
earised and embedded into a Euclidean space (the analogue
of the linear optimal transport framework for Hellinger–
Kantorovich). The Euclidean distance in the embedded
space is approximately the Hellinger–Kantorovich distance
in the original space. This method, in particular, allows
for the application of off-the-shelf data analysis tools such
as principal component analysis.

Matthew Thorpe
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MS6

Inverse Optimal Transport

Discrete optimal transportation problems arise in various
contexts in engineering, the sciences and the social sciences.
Often the underlying cost criterion is unknown, or only
partly known, and the observed optimal solutions are cor-
rupted by noise. In this talk I will present a systematic
approach to infer unknown costs from noisy observations
of optimal transportation plans. It is based on the Bayesian
formulation of the inverse optimal transportation problem
and allows for the quantification of uncertainty. I will then
illustrate the developed methodologies using the example
of international migration flows.
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MS7

Learning Elliptic Partial Differential Equations
with Randomized Linear Algebra

Can one learn a differential operator from pairs of solu-
tions and righthand sides? If so, how many pairs are re-
quired? These two questions have received significant re-
search attention in differential equation learning. Given
input-output pairs from an unknown elliptic partial dif-
ferential equation in three dimensions, we will derive a
theoretically rigorous scheme for learning the associated
Green’s function G. By exploiting the hierarchical low-
rank structure of Greens functions and extending the ran-
domized SVD algorithm to Hilbert-Schmidt operators, we
will identify a learning rate associated with elliptic partial
differential operators in three dimensions and bound the
number of input-output training pairs required to recover
a Greens function approximately.
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MS7

Convergence Rates for Learning Linear Operators
from Noisy Data

Motivated by the learnability of compact, bounded, and
unbounded operators that define forward and inverse prob-
lems, in this talk we analyze the Bayesian inverse problem
of recovering an unknown linear operator on an infinite-
dimensional Hilbert space from noisy input-output data.
Under our imposed assumptions, this problem is explicitly
solvable and we establish convergence rates of the Bayesian
posterior solution in the large data limit. Connections to
statistical learning theory will also be discussed. Our nu-
merical results for learning differential (unbounded), iden-
tity (bounded), and inverse differential (compact) opera-
tors exhibit excellent agreement with our theory, suggest-
ing the sharpness of the rates, and also exhibit consistent
behavior even when our idealized theoretical assumptions
are violated.
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MS7

Physics-Constrained Bayesian Inference of an Un-
certain Operator in the Sparse-Data Regime

We present a novel Bayesian inverse problem to infer an
infinite-dimensional uncertain operator appearing in a dif-
ferential equation, whose action on an observable state
variable affects its dynamics. Inference is made tractable
by parametrizing the operator using its eigendecomposi-
tion. The plausibility of operator inference in the sparse
data regime is explored in terms of an uncertain, gener-
alized diffusion operator appearing in an evolution equa-
tion for a contaminant’s transport through a heterogeneous
porous medium. Sparse data are augmented with prior
information through the imposition of deterministic con-
straints on the eigendecomposition and the use of quali-
tative information about the system in the definition of
the prior distribution. Limited observations of the state
variable’s evolution are used as data for inference, and the
dependence on the solution of the inverse problem is stud-
ied as a function of the frequency of observations, as well
as on whether the data is collected as a spatial or time
series. Sandia National Laboratories is a multimission lab-
oratory managed and operated by National Technology &
Engineering Solutions of Sandia, LLC, a wholly owned sub-
sidiary of Honeywell International Inc., for the U.S. De-
partment of Energys National Nuclear Security Adminis-
tration under contract DE-NA0003525.
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MS7

Learning the Optimal Tikhonov Regularization Op-

erator for Inverse Problems

A common strategy to tackle the instability of inverse prob-
lems is the use of regularizers, which are (families of) op-
erators providing a stable approximation of the solution
map. The application of machine learning techniques has
recently made it possible to design data-driven reconstruc-
tion algorithms, including the possibility to learn regular-
ization operators through sample data. In this talk, I will
consider a linear inverse problem defined on Hilbert spaces
and tackle the problem of learning the optimal operator
among the family of generalized Tikhonov regularizers. Af-
ter setting a statistical framework for the proposed learn-
ing problem, allowing to consider a sufficiently large class
of noise models, I will characterize the optimal regularizer,
showing that it is completely independent of the forward
operator. Then, I will propose two strategies to learn the
regularizer from a finite training set: a supervised one,
based on samples of both inputs and outputs, and an un-
supervised one, based only on a sample of outputs. In both
cases, I will prove asymptotic bounds on the excess risk,
comparing the performances of the sample-based regulariz-
ers with the optimal one. I will finally provide a validation
of the discussed results by means of a set of numerical
examples, both related to a denoising problem and an ill-
posed problem. This is based on joint work with G. S. Al-
berti, E. De Vito, M. Santacesaria (University of Genoa),
and M. Lassas (University of Helsinki)
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MS8

Layer Adaptive Node Selection in Bayesian Neural
Networks: Statistical Guarantees and Implementa-
tion Details

Sparse deep neural networks have proven to be efficient
for predictive model building in large- scale studies. Al-
though several works have studied sparse neural architec-
tures, they have primarily focused on the edge selection.
Sparsity through edge selection might be intuitively ap-
pealing; however, it does not necessarily reduce the struc-
tural complexity of a network. Instead pruning excessive
nodes in each layer leads to a structurally sparse network
which has lower computational complexity and memory
footprint. We propose a Bayesian sparse solution using
spike-and-slab Gaussian priors to allow for node selection
during training. The use of spike-and-slab prior alleviates
the need of an ad-hoc thresholding rule for pruning redun-
dant nodes. We adopt a variational Bayes approach to
circumvent the computational challenges of Markov Chain
Monte Carlo implementation. In the context of node se-
lection, we establish the fundamental result of variational
posterior consistency together with the characterization of
prior parameters. Contrary to the previous works, our the-
oretical development accommodates sparse networks with
layer-dependent node structures. With a layer-wise char-
acterization of prior inclusion probabilities, we also discuss
optimal contraction rates of the variational posterior. Fi-
nally, we provide empirical evidence to substantiate that
our theoretical work facilitates layer-wise optimal node re-
covery together with competitive predictive performance.

Shrijita Bhattacharya
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MS8

Information Theoretic Objectives, Generalization,
and Robustness

I will give an overview of a number of information theoretic
objective functions and simple techniques for getting cor-
rect bounds on information theoretic quantities. I will show
that careful application of these bounds can result in sub-
stantial empirical improvements to classical generalization
as well as to robustness to a wide variety of distributional
shifts, even on larger-scale problems like ImageNet.
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Bayesian Principles for Learning-Machines

Humans and animals have a natural ability to au-
tonomously learn and quickly adapt to their surroundings.
How can we design machines that do the same? In this
talk, I will present Bayesian principles to bridge such gaps
between humans and machines. I will show that a wide-
variety of machine-learning algorithms are instances of a
single learning-rule derived from Bayesian principles. The
rule unravels a dual perspective yielding new mechanisms
for knowledge transfer in learning machines. My hope is
to convince the audience that Bayesian principles are in-
dispensable for an AI that learns as efficiently as we do.
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MS8

How Do We Build Models That Learn and Gener-
alize?

To answer scientific questions, and reason about data, we
must build models and perform inference within those
models. But how should we approach model construc-
tion and inference to make the most successful predictions?
How do we represent uncertainty and prior knowledge?
How flexible should our models be? Should we use a single
model, or multiple different models? Should we follow a
different procedure depending on how much data are avail-
able? How do we learn desirable constraints, such as rota-
tion, translation, or reflection symmetries, when they don’t
improve standard training loss? In this talk I will present
a philosophy for model construction, grounded in proba-
bility theory. I will exemplify this approach with methods
that exploit loss surface geometry for scalable and practical
Bayesian deep learning, and resolutions to seemingly mys-
terious generalization behaviour such as double descent. I
will also consider prior specification, generalized Bayesian
inference, and automatic symmetry learning. The talk will
primarily be based on https://arxiv.org/abs/2002.08791
and https://arxiv.org/abs/2104.14421.

Andrew Wilson
New York University

andrewgw@cims.nyu.edu

MS9

Uncertainty Challenges in Energy Systems

This talk will discuss key challenges in uncertainty quan-
tification associated with energy systems analysis and de-
cision support. Current energy planning and policy ques-
tions are among the most important issues for society, and
decision support inevitably leads to construction of large
scale, computationally intensive computer models. Exam-
ples of current decision support applications and progress
in uncertainty treatment will be presented based on the
author’s experience, including from overall energy policy,
policy for a specific sector such as heat, network planning,
national level generation capacity planning, and local area
climate resilience. This will be followed by discussion of
future requirements and directions for uncertainty work,
including issues specifically associated with energy plan-
ning against a background of uncertain climate.
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MS9

Emulation Methodology to Perform History
Matching of Energy Models under Uncertainty

Computer simulators are used in the energy sector to ad-
dress problems at different scales: from modelling build-
ings’ energy consumption, to optimising costs and carbon
emissions of nationwide networks. In all cases, an accurate
calibration of the model is crucial to ensure that robust
decisions are taken on the basis of the simulated results.
In this talk we review the main sources of uncertainties
in calibrating energy simulators. We discuss and illustrate
History Matching (HM), a process to carry out calibration
that accounts for the uncertainties affecting the model and
the data to which model outputs are compared. This fea-
ture differentiates HM from the use of measures commonly
employed in the energy literature to assess the adequacy
of a calibrated model. Moreover, by using Bayes Linear
updates, we construct a statistical surrogate of the simula-
tor and are therefore able to perform HM over remarkably
large samples of the parameter space - again, as opposed
to classical methods in the energy community. If time per-
mits, we will also look into the mathematically interesting
problem of history matching parameters, in the case where
available data and model outputs take the form of time
series.
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MS9

Bayesian Decision Support Tool for Energy Plan-
ning

Gaussian Process (GP) emulators are the principal tool in
UQ to approximate complex computer model behaviour
across the input space. In recent years, motivated by the
problem of coupling computer models, progress has been
made in the theory of the analysis of the network of con-
nected GP emulators. In this talk, we combine these recent
methodological advances with classical state-space models
to construct a Bayesian decision support system. This ap-
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proach gives a coherent probability model that produces
predictions with the measure of uncertainty in terms of
two first moments and enables the propagation of uncer-
tainty from individual decision components. The devel-
oped methodology was used to produce a decision support
tool for the Northumberland County Council to consider
the low carbon technologies to transform its infrastructure
to reach a net-zero carbon target in 2050. In particular, we
demonstrate how to couple information from energy mod-
els and time-series data to quantitatively assess the impact
on operational costs and carbon emissions of various policy
choices.
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MS10

Safe Set Estimation of Expensive to Evaluate Func-
tions with Gaussian Processes

In many reliability engineering problems we are interested
in studying functions that can only be evaluated on a safe
set. That is, a function returns a real value when evaluated
on a set of parameters and a non-valid flag when evaluated
outside this safe set. In this work we consider the case
where such functions are expensive to evaluate, e.g. they
are evaluated by numerically solving complex equations,
and the safe set is unknown. We study how to estimate
the function and the safe set given a dataset of mixed eval-
uations. We take a Bayesian approach and put a Gaussian
process (GP) prior on the function. The function is eval-
uated on a set of inputs which provide a mixed dataset of
real values and binary values (valid, non-valid). We model
the observations with a mixed likelihood. By considering a
probit likelihood for the binary observations and an inde-
pendent Gaussian likelihood for the regression values, we
show that the exact posterior is a skewGP. SkewGPs are a
generalization of GPs which allows for a fast computation
of the mean values and its uncertainty. We then provide a
technique to estimate the safe set and to evaluate its un-
certainty. In the particular case where the safe set is an
excursion set of the function we use both the function and
the set uncertainty to define an active learning technique
for the set estimation problem built with the objective of
obtaining better set estimates with a small number of non-
valid evaluations.
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MS10

Agnostic Multi-Fidelity Regression for Aerospace
Design Applications

Multi-fidelity regression models bring substantial advan-
tages to the aircraft preliminary design phase, when data
from computer simulations and preliminary experimental
tests are exploited to define the best feasible configuration.
In the multi-fidelity approach to the modeling issue, pieces
of information of diverse fidelity and complexity are lever-
aged concurrently, to improve estimate accuracy and to
reduce the burden associated to parametrization. In such
setting, it is fundamental to establish the correct hierarchy
in terms of data credibility w.r.t. the targeted application.
Unfortunately, the complexity challenging aerospace design
problems generally makes the direct estimation of data fi-

delity difficult, if not intractable. Therefore, the fidelity
hierarchy is often established according to a hypotheses-
driven process, hence leaving ground to modeling biases.
We aim at developing an agnostic multi-fidelity regression
framework robust to possible modeling biases due to a cor-
rupted Modelers prior belief concerning the alleged fidelity
of the available data sets. In particular, we focus on multi-
fidelity co-kriging methods, proposing an extended formu-
lation capable of mitigating the drawbacks of an ill-chosen
fidelity hierarchy.
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MS10

Set Inversion under Functional Uncertainties with
Gaussian Process Regression Defined in the Joint
Space of Control and Uncertain Variables

During this talk we will present an efficient sampling strat-
egy to solve an inversion problem subjected to functional
uncertainties. More precisely, we aim at characterizing a
control variable region defined by exceedance above a pre-
scribed threshold of specific Quantities of Interest. Our
study is motivated by an automotive industrial application
consisting in the identification of the set of values of control
variables of a gas after-treatment device, in line with pol-
lutant emission standards of a vehicle under driving profile
uncertainties. In that context, driving profile uncertainties
are modelled by a functional random variable and the con-
strained response in the inversion problem is formulated as
the expectation over this functional random variable only
known through a set of realizations. The unknown set is
then associated only with control variables. As often in
industrial applications, this problem involves high-fidelity
and time-consuming computational models. We thus pro-
pose an approach that makes use of Gaussian Process meta-
models built on the joint space of control and uncertain
input variables. Specifically, we define a learning crite-
rion based on uncertainty in the excursion of the Gaussian
Process and derive tractable expressions for variance re-
duction in such a framework. We will present applications
to analytical examples, then to the automotive industrial
test case, demonstrating the accuracy and the efficiency
brought by the procedure we propose.
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MS10

Robust Design for Civil Flood Defense: Methodol-
ogy, Algorithm and Application to the Loire River
in France

The design of civil flood defenses aims to define combina-
tions of defenses enough robust to support penalizing con-
ditions of flooding. Nevertheless, the underlying numerical
model of the river is often calibrated with a lone value of
its environment parameters (say its frictions coefficients),
which is sometimes a very strong hypothesis. For instance,
the Loire river is known to have a quite changing minor bed
due to high sediment transport, so that its friction coeffi-
cients is usually considered as a non-negligible uncertainty
source. The purpose of this study is to investigate the con-
sequences of such uncertainties taken as epistemic sources
on a robust flood defenses design. The mathematical for-
mulation of the problem (and so its solving) is now the
merge of three canonical issues: optimization, inversion,
and uncertainties propagation. It remains an open prob-
lem to support all these questions in one learning process,
but a brute force integration of uncertainties is still pos-
sible. This example of a perturbed design will give some
insights to support deeper uncertainties, possibly induced
non stationary environment over time.
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MS12

Optimal Design of Infinite-Dimensional Bayesian
Inverse Problems under Uncertainty

We consider optimal design of inverse problems governed
by PDEs under uncertainty. In many application problems,
the governing PDEs, in addition to the parameters being
estimated, one also has additional model parameters that
are not known exactly and are uncertain. Inversion and
design of experiments must account for these additional
model uncertainties. This talk considers methods for opti-
mal experiment design for such inverse problems that are
robust with respect to model uncertainties. We will discuss
recent work on OED for linear inverse problems under un-
certainty and then discuss extensions to nonlinear inverse
problems.
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MS12

A New Stochastic Learning Approach for Binary
Optimization: Application to Bayesian OED

We present a novel stochastic approach to binary optimiza-
tion ideally suited for optimal experimental design (OED)
for Bayesian inverse problems governed by mathematical
models such as partial differential equations. The OED
utility function, namely, the regularized optimality crite-
rion, is cast into a stochastic objective function in the form
of an expectation over a multivariate Bernoulli distribu-
tion. The probabilistic objective is then solved by using a
stochastic optimization routine to find an optimal obser-
vational policy. This formulation: a) is generally applica-
ble to binary optimization problems with soft constraints,
and is ideal for OED and sensor placement problems; b)
does not require differentiability of the original objective
function (e.g., utility function in OED applications) with
respect to the design variable thus it enables direct em-
ployment of sparsity-enforcing penalty functions such as
�0, without needing to utilize a continuation procedure or
apply a rounding technique; c) when applied to OED prob-
lems, this framework exhibits much lower computational
cost than traditional gradient-based relaxation approaches;
and d) it can be applied to both linear and nonlinear OED
problems with proper choice of the utility function. In this
talk, we discuss the approach, briefly describe convergence
guarantees, and demonstrate its power numerically by us-
ing a sensor placement for parameter identification.
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MS12

Laplace Approximation for Bayesian Optimal Ex-
perimental Design with Nuisance Uncertainty

Bayesian optimal experimental design requires the evalu-
ation of the expected information gain functional. This
computation usually requires using nested Monte Carlo
sampling. The introduction of nuisance parameters to the
model would introduce a second inner loop, further increas-
ing the computational cost. We propose to use a small
noise approximation for the nuisance uncertainty and a
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Laplace approximation for the uncertainty stemming from
the parameters of interest. We demonstrate the degrada-
tion of this method for large nuisance error in a numerical
example showcasing a physical application. Additionally,
we show the impact of nuisance error on the optimal design.
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MS12

A Bilevel Learning Approach for Optimal Obser-
vation Placement in Variational Data Assimilation

We propose a bilevel optimization approach for the place-
ment of space and time observations in variational data as-
similation problem 4D-VAR. Within the supervised learn-
ing framework, we consider a bilevel problem where the
lower-level task is the variational reconstruction of the
initial condition of a semilinear system, and the upper-
level problem solves the optimal placement with the help
of sparsity inducing function. Additionally, some regular-
ity aspects of the variational data assimilation problems in
the infinite-dimensional setting are discussed. Due to the
pointwise nature of the observations, an optimality system
with regular Borel measures is obtained as necessary opti-
mality condition for the lower-level problem. The latter is
then considered as constraint for the upper-level instance,
yielding in an optimization problem constrained by a multi-
state system with measures. We demonstrate Lagrange
multipliers’ existence and derive necessary optimality con-
ditions characterizing the optimal solutions of the bilevel
problem. The numerical solution is carried out also on two
levels. The lower-level problem is solved using a standard
BFGS method, while the upper-level one is solved using
a projected BFGS algorithm. Finally, some numerical ex-
periments are presented to illustrate the main features of
our approach.
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MS13

Efficient Importance Sampling for Large Sums of
Iid Random Variables

We estimate the probability that the sum of nonnegative
i.i.d. RVs falls below a given threshold, i.e., P(

∑N
i=1 Xi ≤

γ), via importance sampling (IS). We are interested in the
rare event regime when N is large and/or γ is small. The
exponential twisting is a popular technique that, in most
cases, compares favorably to other estimators. However, it

has some limitations: i) it assumes the knowledge of the
MGF of Xi and ii) sampling under the new IS PDF might
be expensive. The aim is to propose an alternative IS PDF
that yields, for certain classes of distributions and in the
rare event regime, at least the same performance as the
exponential twisting technique and, at the same time, does
not introduce serious limitations. The first class includes
distributions whose PDFs are asymptotically equivalent, as
x → 0, to bxp, for p > −1 and b > 0. For this class of dis-
tributions, the Gamma IS PDF with appropriately chosen
parameters retrieves approximately the same performance
of the exponential twisting estimator. In the second class,
we consider the Log-normal setting, whose PDF at zero
vanishes faster than any polynomial, and we show numer-
ically that a Gamma IS PDF with optimized parameters
clearly outperforms the exponential twisting IS PDF. Nu-
merical experiments validate the efficiency of the proposed
estimator in delivering a highly accurate estimate in the
regime of large N and/or small γ.
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MS13

Sequential Active Learning of Low-Dimensional
Model Representations for Rare Event Estimation

To date, the reliability analysis of high-dimensional, com-
putationally expensive engineering models remains a diffi-
cult challenge in risk and reliability engineering. We use
a combination of dimensionality reduction and surrogate
modelling termed partial least squares-driven polynomial
chaos expansion PLS−PCE to render such problems feasi-
ble. Standalone surrogate models typically perform poorly
for reliability analysis. Therefore, in a previous work, we
have used PLS-PCEs to reconstruct the intermediate den-
sities of a sequential importance sampling approach to re-
liability analysis. Here, we extend this approach with an
active learning procedure that allows for improved error
control at each importance sampling level. To this end,
we formulate an asymptotic estimate of the combined esti-
mation error for both subspace and surrogate model. With
this, it is possible to adapt the experimental design so as to
optimally learn the subspace representation and the surro-
gate model constructed therein. The approach is gradient-
free and thus works well with black box-type models. We
demonstrate the performance of this approach with a series
of low- 2D to high- 869D dimensional example problems
featuring a number of well-known caveats for reliability
methods besides high dimensions and expensive compu-
tational models: strongly nonlinear limit-state functions,
multiple relevant failure regions and extremely small prob-
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abilities of failure.
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MS13

Bayesian-Network-Based Modeling and Inference
for Failure Events of Building Structures under Se-
quence of Main and Aftershocks

To ensure the disaster resilience of our society, it is impor-
tant to evaluate the risk induced by complex natural haz-
ards such as the sequence of main and aftershocks. Mun
and Song (2020) recently proposed a probabilistic frame-
work using Bayesian network to describe general structural
systems under the sequential earthquakes [Mun, C. and
Song, J., Probabilistic Modeling and Inference for Struc-
tures under Sequence of Hazardous Events Using Matrix-
based Bayesian Network, Proc. of IABSE Conference Seoul
2020, November 9-10, 2020]. In this paper, the BN-based
framework is applied to a five-story reinforced concrete
(RC) flat slab building constructed in the early 1980s in
the Central United States (US). Especially, in modeling
the structural responses to ground motions as a part of
the BN model, conditional probabilities must be evaluated
in the domain of a multi-dimensional feature space, which
leads to a cumbersome process and exceedingly large costs
of computational simulations. This study utilizes classi-
fication tree analysis to discretize the multi-dimensional
space and estimates conditional probabilities for each dis-
cretized space of the domain. Finally, through the proba-
bilistic inference using the developed BN model, complex
relationships between the sequential earthquakes and the
structural system are described. In particular, fragilities
for main and aftershocks are evaluated in accordance with
the realistic conditions encountered under sequential earth-
quake events.
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MS13

Computation of Failure Probabilities by Multifi-
delity Models

Multifidelity models attempt to reduce the computational
effort by combining simulation models of different approx-
imation quality and from different sources. They rely on a
model hierarchy that is established either by means of an
approximation parameter or the Pearson correlation of the
model outputs. Information fusion combines outputs from
a model hierarchy in order to obtain efficient estimators for
a quantity of interest. In the case of additive information
fusion, the focus is on differences of the quantity of interest,
while multiplicative information fusion takes conditional
probabilities into account and is generally based on max-
imum likelihood or maximum a posteriori estimators. In
this presentation, additive and multiplicative information
fusion is combined with importance sampling and impor-
tance splitting (notably the moving particles method) in
order to yield efficient estimators for the probability of fail-
ure. Importance sampling and importance splitting based
multifidelity reliability estimators are developed and criti-
cally assessed by means of numerical examples.
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MS14

Learning Uncertain Quantities of Interest from Dy-
namical Systems for Data-Consistent Inversion

A common challenge is to quantify uncertainties on model
inputs corresponding to a quantitative characterization of
uncertainties on observable Quantities of Interest (QoI).
We therefore consider a stochastic inverse problem (SIP)
with a solution described by a pullback probability mea-
sure. This is referred to as a data-consistent solution
since its subsequent push-forward through the QoI map
matches the observed probability distribution constructed
from data on model outputs. A distinction is made between
QoI useful for solving the SIP and arbitrary model output
data. Model output data are often given as a (noisy) se-
ries of state variables recorded in time resulting in data
dimensions that can exceed O(1E4), and the identifica-
tion of QoI from this data is not self-evident. We present
a new framework, Learning Uncertain Quantities (LUQ),
that facilitates the tractable solution of SIPs for dynamical
systems. LUQ provides routines for filtering data, learning
the underlying dynamics in an unsupervised manner, clas-
sifying the observations, and performing feature extraction
to learn the QoI map. Subsequently, time series data are
transformed into samples coming from the underlying pre-
dicted and observed distributions associated with the QoI
so that solutions to the SIP are computable. Following an
intro & demo of LUQ, numerical results from several SIPs
are presented for a variety of dynamical systems arising in
the life and physical sciences.
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Model-Constrained Approach for Neural Architec-
ture Design with Application to UQ

Machine learning assisted UQ methods for large scale prob-
lems and the development of UQ methods for machine
learning has received considerable interest in the past few
years. However, it is generally unclear on the neural net-
work architecture to be adopted for such applications. In
particular, training deep neural networks suffers from com-
mon problems such as the need for gigantic training data
set to confront over fitting issue. Therefore, there is a
need to develop an efficient procedure for training a DNN
without making any compromise on the accuracy achieved
by traditional back propagation algorithm. This work de-
velops a framework for automatically determining neural
architectures to generalize well on the given data set. Nu-
merical investigation on regression problems, classification
problems, and UQ problems suggest that our proposed ap-
proach outperforms adhoc baseline networks.
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Multi-Output Surrogate Construction for Fusion
Simulations

The ability to perform quality Bayesian and uncertainty
analyses is often limited by the computational expense of
first-principles physics models. In the absence of a reli-
able low-fidelity physics model, phenomenological surro-
gate models can be used to mitigate this expense; however,
such models may not adhere to known physics or proper-
ties. Furthermore, the interactions of complex physics in
high-fidelity codes lead to dependencies between quantities
of interest (QoIs) that are difficult to capture when indi-
vidual surrogates are used for each observable. In applica-
tions that consider multiple QoIs simultaneously, separate
Gaussian Processes (GPs) are constructed for each QoI.
This results in a loss of valuable information regarding the
correlated behavior of QoIs. Predicting multiple QoIs with
a single GP preserves valuable insights regarding the cor-
related behavior of the target observables and maximizes
the information gained from available data. We present
a method of constructing GPs that emulate multiple QoIs
simultaneously. As an exemplar, we consider Magnetized
Linear Inertial Fusion, a fusion concept that relies on the
direct compression of magnetized, laser-heated fuel by a
metal liner to achieve thermonuclear ignition. SNL is man-
aged and operated by NTESS under DOE NNSA contract
DE-NA0003525.
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Stationary Density Estimation of Ito Diffusions Us-
ing Deep Learning

We consider the density estimation problem associated
with the stationary measure of ergodic Itô diffusions from
a discrete-time series that approximate the solutions of
SDEs. To take advantage of the characterization of den-

sity function through the stationary solution of a parabolic-
type Fokker-Planck PDE, we employ deep neural networks
to learn the drift and diffusion terms of the SDE and solve
a steady-state Fokker-Plank equation associated with the
estimated drift and diffusion coefficients with a neural-
network-based least-squares method. We establish the con-
vergence of the proposed scheme under appropriate mathe-
matical assumptions, accounting for the generalization er-
rors induced by regressing the drift and diffusion coeffi-
cients, and the PDE solvers. This theoretical study relies
on a recent perturbation theory of Markov chain result that
shows a linear dependence of the density estimation to the
error in estimating the drift term, and generalization error
results of nonparametric regression and of PDE regression
solution obtained with neural-network models.
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MS15

Predicting the Effects of Multi-Physics Ensemble
of Atmospheric Simulations

Uncertainty in atmospheric and climate models can be es-
timated using ensembles of simulations that sample un-
certainty in physical processes, parameterizations, bound-
ary conditions, initial conditions, and other unconstrained
factors. Multi-physics ensembles, which estimate one im-
portant component of model uncertainty, are constructed
by running a numerical model multiple times over the
same simulation period varying categorical physics pack-
ages. Large multi-physics ensembles may require thou-
sands of simulations for accurate uncertainty estimates but
may not be feasible due to the high computational cost of
running a single simulation, even using large supercom-
puters. Using machine leaning methods, we demonstrate a
capability to predict the outcomes of a large multi-physics
weather forecast ensemble without having to run the full
ensemble. Adaptive sampling methods are used to intel-
ligently select ensemble members, while regression algo-
rithms enable predictions of high-dimensional spatial ef-
fects. Our method is validated on a 1,200-member ensem-
ble of the Weather Research and Forecasting model, where
we show that the full ensemble variance is well approx-
imated with relatively few training samples and achieve
order-of-magnitude speedups needed for real-time forecast-
ing applications.
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A Fresh Look at Variography for Global Sensitivity
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Analysis of Models with Correlated Inputs: Impli-
cations for Climate Models

Variogram Analysis of Response Surfaces (VARS) is a re-
cently developed approach for Sensitivity Analysis (SA).
VARS offers three unique features. It (1) provides a more
comprehensive characterization of sensitivities including
the response surface structure; (2) bridges derivative-based
and variance-based approaches to SA, the two most com-
mon in the field; and (3) affords significant computational
efficiency compared with alternative approaches. This pre-
sentation provides an overview of VARS theory and its
more recent extension to account for problems with non-
uniform and correlated input variables. An example appli-
cation of VARS is presented in the context of hydroclimatic
modelling, where the common, but invalid assumption that
the inputs are independent can lead to misleading results.
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Conditional Polynomial Chaos for Data-Driven Un-
certainty Quantification and Reduction

We use conditional Karhunen-Love (KL) expansions to
quantify and reduce uncertainty in the coupled linear diffu-
sion equation (a combination of the Darcy law and continu-
ity equations for average pore velocity and hydraulic head)
and the advection-dispersion partial differential equation
(PDE) with an unknown sparsely sampled space-dependent
hydraulic conductivity coefficient k(x) = exp(g(x)) describ-
ing fluid flow and transport of a conservative tracer in fully
saturated heterogeneous porous media. We achieve reduc-
tion in uncertainty by modeling g(x) as a random field
with a KL expansion conditioned on g measurements. We
employ the conditional KL expansion together with the
sparse grid collocation method to compute the moments of
the resulting stochastic PDEs. The accuracy of the mo-
ment solutions is verified against the Monte Carlo solution
of the stochastic PDEs. Uncertainty in the flow problem
(the variance of hydraulic head) is further reduced by adap-
tively selecting additional observation locations of g. We
demonstrate that conditioning leads to dimension reduc-
tion of the KL representation of g(x) and the uncertainty
reduction in the SPDEs states.
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Surrogate-Aided Global Sensitivity Analysis and
Uncertainty Characterization in Earth System
Model Components

I discuss the use of statistical emulators to perform Sobol
variance-based global sensitivity analysis of perturbed-
parameter ensembles of Earth system model simulations,
with applications to a coupled climate model and its
standalone sea ice component, including an analysis of
spatially-varying model outputs over the Arctic polar re-
gion. As time permits, I will also discuss broader questions
of model-form / model structural uncertainties in Earth
system modeling.
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The Necessity of Uncertainty Quantification in Ar-
tificial Intelligence Techniques for Medical Data
Analysis

In this talk, we briefly describe the importance of coupling
of uncertainty quantification (UQ) with two important ar-
tificial intelligence (AI) technologies, i.e., machine learning
(ML) and deep learning (DL) methods. A wide variety of
ML and DL methods are mainly used in the clinical de-
cision support system (CDSSs). Over the last few years,
the importance of quantifying uncertainties of ML and DL
methods has been seriously debated. This issue is more
prominent in the field of medicine to use these intelligent
systems due to the importance of patients’ lives. However,
there are many practical approaches which can be taken to
improve results and measure the uncertainty by adding to
the classical ML and DL methods. In other words, using
this technique, intelligent CDSSs can be developed in such
a way that can say ”I DO NOT KNOW” or ”I AM NOT
SURE”. By including uncertainties in designing ML and
DL methods as well as their predictions can be fundamen-
tally trusted by the medical community. This allows clini-
cians to quickly calibrate their trust on CDSS system’s out-
puts, possible flaws in their reasoning, or even uncertainty.
Crucially, we end by offering several open research recom-
mendations regarding application of UQ approaches with
ML and DL methods which can result in significant im-
provements to the presentation of trustworthiness results.
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Deep Learning, Shearlets, and Uncertainty Quan-
tification: On the Path Towards Interpretable In-
verse Problems

In this talk, we will develop a conceptual approach to-
wards inverse problems in imaging sciences by combining
the model-based method of sparse regularization by shear-
lets with the data-driven method of deep learning. Our
solvers pay particular attention to the singularity struc-
tures of the data. Focussing then on the inverse problem
of (limited-angle) computed tomography, we will show that
our algorithms significantly outperform previous method-
ologies, including methods entirely based on deep learning.
Finally, we will also touch upon the issue of how to reliable
the results of such algorithms, and present a novel, state-of-
the-art explainability method based on information theory.

Gitta Kutyniok
Ludwig-Maximilians-Universität München
kutyniok@math.lmu.de

MS16

Sparse X-Ray Tomography with Data-Driven Pri-
ors for Sawmill Log Imaging

In high-dimensional inverse problems that are severely ill-
posed, the choice of the prior distribution has a signifi-
cant impact on the result of Bayesian inference. Since in
many applications, there exists abundant prior informa-
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tion in the form of training examples, the solution accuracy
in the Bayesian approach can be improved by harnessing
this information to construct a data-driven prior through
some generative models such as generative adversarial net-
works (GANs). We discuss methods for generating data-
driven priors in application to sparse X-ray tomography for
sawmill log imaging and the stability or well-posedness of
Bayesian inverse problems, i.e. the perturbations of GAN-
generated prior and posterior distributions.
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MS17

A Linearized Learning with Multiscale Deep Neu-
ral Network for Stationary Navier-Stokes Equa-
tions with Oscillatory Solutions

We present linearized learning schemes to accelerate the
convergence of training for stationary nonlinear Navier-
Stokes equations. To solve the stationary nonlinear Navier-
Stokes (NS) equation, we integrate the procedure of lin-
earization of the nonlinear convection term in the NS equa-
tion into the training process of multi-scale deep neural
network approximation of the NS solution. Three forms
of linearizations are considered and the highly oscillating
stationary flows in Complex domains are solved using the
proposed linearized learning with multi-scale neural net-
wor. The results show that multiscale deep neural network
combining with the linearized schemes can be trained fast
and accurately. On the other hand, to learn the operator
of dynamic systems with causality, which mathematically
can be described by a retarded Greens function, we propose
a framework to handle the causality and extend the uni-
versal operator approximations theory to operators with
causalities. The proposed procedure learns the operator
only requires very few training data, but could predict the
testing cases accurately and quickly.
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MS17

Constrained Bayesian Inversion for Transpiration
Cooling Problems

Transpiration cooling is a promising cooling technique,

aiming to protect materials from extreme temperatures in
different applications including rocket combustion cham-
bers, where the material will not withhold the tempera-
tures by itself. Numerous studies investigate possibilities
to simulate and evaluate the complex cooling mechanism.
In this talk, an approach is introduced that solves an in-
verse problem while constraining the maximum tempera-
ture of the system under parameter uncertainties. Mathe-
matically, this chance inequality constraint is dealt with by
a generalized Polynomial Chaos expansion of the system.
Utilizing its statistical information, a new approach for
quantile estimation is presented. The posterior distribution
will be evaluated by different Markov Chain Monte Carlo
based methods. A novel method for the constrained case
is proposed and tested among others on two-dimensional
transpiration cooling models.

Ella Steins, Michael Herty
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MS17

A Probabilistic Characterization of Aleatoric and
Epistemic Uncertainty in Solutions to Stochastic
Inverse Problems Using Machine Learning Surro-
gate Models

Stochastic inverse problems have been attracting increas-
ing attention in recent years due to recent advances in data
acquisition techniques which enable utilizing tremendous
amounts of data to construct data-informed physics-based
computational models. At the same time, machine learn-
ing methods have also become much more prevalent in
computational science, largely due to their ability to learn
and exploit low-dimensional structure in high-dimensional
data. In this presentation, we will describe some of our
recent work on using machine learning surrogate models
in the context of solving a particular class of stochastic
inverse problems where a data-consistent probability mea-
sure on model inputs is sought such that the push-forward
of this probability measure matches a given target mea-
sure on observations. On the theoretical side, we show
that the universal approximation theorem allows for the
use of such machine learning surrogate models in this con-
text. However, on the practical side, we demonstrate that
the errors and uncertainties in these surrogate models can
significantly impact the accuracy of the inferred probabil-
ity measure, and therefore on any subsequent predictions.
This naturally leads to a probabilistic characterization of
the solution to the stochastic inverse problem that appro-
priately characterizes the error/uncertainty in the solution
and predictions due to the use of the surrogate model.

Tim Wildey
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MS17

Solving Bayesian Inverse Problems via Variational
Autoencoders

In recent years, the field of machine learning has made phe-
nomenal progress in the pursuit of simulating real-world
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data generation processes. One notable example of such
success is the variational autoencoder (VAE). In this work,
with a small shift in perspective, we leverage and adapt
VAEs for a different purpose: uncertainty quantification in
scientific inverse problems. We introduce UQ-VAE: a flex-
ible, adaptive, hybrid data/model-informed framework for
training neural networks capable of rapid modelling of the
posterior distribution representing the unknown parameter
of interest. Specifically, from divergence-based variational
inference, our framework is derived such that most of the
information usually present in scientific inverse problems is
fully utilized in the training procedure. Additionally, this
framework includes an adjustable hyperparameter that al-
lows selection of the notion of distance between the pos-
terior model and the target distribution. This introduces
more flexibility in controlling how optimization directs the
learning of the posterior model. Further, this framework
possesses an inherent adaptive optimization property that
emerges through the learning of the posterior uncertainty.
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MS18

Inference of the Erythrocytes Mechanical Proper-
ties Through a Hierarchical Bayesian Framework

In their journey through the human body, the red blood
cells (RBCs) experience highly non-linear deformations to
flow in arteries and micro-capillaries. These deformations
depend on the bending resistance of the lipid-bilayer of
the membrane and the shear elasticity of the cytoskele-
ton. The latter component has zero energy in the so-called
stress-free state (SFS) of the cytoskeleton, which has not
yet been determined with the current experimental data.
Different shapes have been suggested in the literature, such
as a biconcave shape, a sphere or an oblate. We infer the
SFS (parameterized by its reduced volume) along the other
mechanical properties of the RBC by using multiple ex-
perimental datasets (equilibrium shape of the RBC, cell
stretching and shape relaxation). The inference of the pa-
rameters is performed through Bayesian uncertainty quan-
tification, with a hierarchical generative model of the data,
capturing the heterogeneity of the RBCs across different
experiments

Lucas Amoudruz, Athena Economides
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MS18

Uncertainty Quantification in Fluid-Flow Simula-
tions Using Bi-Fidelity Ensembles

Computer simulations are pervasive in science and engi-

neering. Computations, together with theoretical analy-
sis and experiments, constitute the foundation for build-
ing knowledge, whether it be to investigate a new physical
phenomenon or to assess the performance of an innovative
device. However, a single computation, despite its sophisti-
cation and complexity, can rarely provide sufficient insights
and credible evidence to support critical decisions. To build
confidence in computed outcomes, one typically conducts
sensitivity analyses, investigates the effect of uncertainties,
and explores design variations. All these approaches re-
quire an ensemble of computations whose results are rigor-
ously combined using statistical analysis and/or optimiza-
tion methodologies. In this talk we discuss the use of sim-
ulation ensembles for uncertainty quantification. Two dif-
ferent bi-fidelity approaches are compared. The first uses
a classical control variate formulation while the second re-
lies on an interpolative decomposition strategy. Applica-
tions range from canonical computational fluid dynamics
problems to large-scale multi-physics simulations. I will
also describe a novel algorithm to handle ensemble with
different fidelity implemented in a new programming envi-
ronment that enables the efficient use of next generation
supercomputers.

Gianluca Iaccarino
Stanford University
Mechanical Engineering
jops@stanford.edu

MS18

Calibration and Uncertainty Quantification of Free
Parameters in a Model for Turbulent Mixing in the
Ocean Surface

The ocean surface boundary layer (OSBL) is a thin, turbu-
lent interface between the atmosphere and ocean interior.
Turbulent mixing of heat, momentum, and trace gases in
the OSBL is a crucial aspect of ocean circulation and the
evolution of Earths climate. Parameterizations of OSBL
turbulent fluxes, usually associated with 1-10 m scale tur-
bulent motions, are therefore important components of
regional- to planetary-scale ocean models that employ grid
resolutions between 100 m and 100 km. In this presen-
tation, we describe the calibration of free parameters in
a model for convective and shear-driven OSBL turbulent
fluxes based on a prognostic turbulent kinetic energy vari-
able. Our calibration method uses Ensemble Kalman In-
version to minimize the discrepancy between synthetic ob-
servations generated by large eddy simulation and multires-
olution forward evaluations of the one-dimensional param-
eterized model. Two key advantages of Ensemble Kalman
Inversion are flexibility and a small computational foot-
print, which proves crucial even for this one-dimensional
problem due to the wide range of physical and numerical
scenarios we consider. We finish with a discussion of next
steps, which include uncertainty quantification via Markov
Chain, Monte Carlo sampling (either brute force, or using
an emulator) and further calibration or parameters against
true observational data using a three-dimensional, realistic
ocean regional model with 1 km resolution.
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MS18

Multifidelity Composite Bayesian Optimization for
the Inverse Stefan Problem

Process parameters in metal-based additive manufacturing
are directly correlated to the microstructure and, therefore,
to the properties of the manufactured parts. The evolu-
tion of the microstructure resulting from the solidification
of the metal can be described by the direct Stefan problem.
Conversely, the efficient design of new materials with tar-
geted properties requires solving the inverse problem. The
inverse Stefan problem aims to determine process param-
eters that yield a specific solidification behavior. In this
work, we employ a multi-fidelity Bayesian optimization ap-
proach to cost-efficiently solve the inverse Stefan problem.
We construct a multi-fidelity Gaussian process surrogate
model by combining many low-fidelity estimates of a so-
lidification problem with only a few high-fidelity measure-
ments. Both are obtained using the simulation framework
ALPACA, applying a conservative level-set model to sim-
ulate crystal growth. To solve the inverse problem, we
employ the Gaussian process model in a Bayesian opti-
mization approach based on the multi-fidelity knowledge
gradient acquisition function. We apply this framework
to identify process parameters that allow to observe tar-
geted crystal-growth velocities during dendritic solidifica-
tion. The target velocity can be easily switched by reusing
previously obtained samples and surrogate models. We
highlight the cost-efficiency of the multi-fidelity modelling
by comparison with single-fidelity Bayesian optimization
approaches.

Josef Winter, Rim Abaidi, Jakob Kaiser, Stefan Adami,
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MS19

MCMC Methods on Manifolds Inspired by Geo-
metric Mechanics

In this talk we will discuss the construction of Markov
Chain Monte Carlo algorithms from dynamical systems
and diffusions via geometric integration and mechanics. In
particular, we shall derive the family of Hamiltonian Monte
Carlo methods from measure-preserving diffusions, explain
their implementation on various classes of manifolds, and
discuss recent advances.

Alessandro Barp
University of Cambridge
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MS19

Non-Reversible Guided Metropolis Kernel

We construct a class of non-reversible Metropolis kernels as
a multivariate extension of the guided-walk kernel proposed
by Gustafson 1998. The main idea of our method is to
introduce a projection that maps a state space to a totally
ordered group. By using Haar measure, we construct a
novel Markov kernel termed Haar-mixture kernel, which is
of interest in its own right. This is achieved by inducing
a topological structure to the totally ordered group. Our
proposed method, the Δ-guided Metropolis–Haar kernel, is
constructed by using the Haar-mixture kernel as a proposal
kernel. The proposed non-reversible kernel is at least 10
times better than the random-walk Metropolis kernel and
Hamiltonian Monte Carlo kernel for the logistic regression
and a discretely observed stochastic process in terms of
effective sample size per second.
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MS19

Geometric Convergence of Polar Slice Sampling

Roberts and Rosenthal introduced and analyzed 1999 the
so called polar slice sampler for approximate sampling
w.r.t. a posterior target distribution on Rd. They showed
that it performs, in contrast to other sampling methods,
dimension independent, at least if suitably initialized and
if the posterior density satisfies some structural properties.
By extending arguments of [Natarovskii, Rudolf, Sprungk,
Quantitative spectral gap estimate and Wasserstein con-
traction of simple slice sampling, 2021] we prove that it has
a particularly simple, explicit and dimension-independent
spectral gap for strictly increasing, convex and twice dif-
ferentiable negative log density functions.

Daniel Rudolf
University of Goettingen
daniel.rudolf@uni-passau.de

MS19

Creating Manifold Structures to Accelerate
MCMC Sampling

Consider the noisy and incomplete observation y of a quan-
tity of interest x. In Bayesian inverse problems, the vector
x typically represents the high-dimensional discretization
of a continuous and unobserved field. When the observa-
tion process is very ”informative”, the posterior distribu-
tion concentrates in the neighborhood of a nonlinear man-
ifold. As a result, the efficiency of standard MCMC al-
gorithms deteriorates due to the need to take increasingly
smaller steps. In this work, we describe how to express this
posterior distribution as the marginal of an auxiliary dis-
tribution defined on an extended space. This generalizes
previous work that only considered the case of an additive
Gaussian noise model of the type y = F (x) + (noise). Our
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proposed approach allows us to leverage constrained HMC
methods that are robust to the low-noise regime.
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MS20

Integration in Reproducing Kernel Hilbert Spaces
of Gaussian Kernels

The Gaussian kernel plays a central role in machine learn-
ing, uncertainty quantification and scattered data approx-
imation. However, the basic problem of finding an algo-
rithm for efficient numerical integration of functions repro-
duced by Gaussian kernels has not been fully solved. In
this talk we construct two classes of algorithms that use
N evaluations to integrate d-variate functions reproduced
by Gaussian kernels and prove the exponential or super-
algebraic decay of their worst-case errors. In contrast to
earlier work, no constraints are placed on the length-scale
parameter of the Gaussian kernel. The first class of algo-
rithms is obtained via an appropriate scaling of classical
Gauss-Hermite rules. For these algorithms we derive lower
and upper bounds on the worst-case error of the forms
exp(−c1N

1/d)N1/(4d) and exp(−c2N
1/d)N−1/(4d), respec-

tively, for positive constants c1 > c2. The second class of
algorithms we construct is more flexible and uses worst-
case optimal weights for points that may be taken as a
nested sequence. For these algorithms we only derive upper
bounds, which are of the form exp(−c3N

1/(2d)) for a posi-
tive constant c3. The talk is based on ”Karvonen, Oates &
Girolami (2021). Integration in reproducing kernel Hilbert
spaces of Gaussian kernels. Mathematics of Computation,
90(331):22092233.”
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Nonlinear Reduced Modelling and State Estima-
tion of Parametric PDEs

We examine the problem of state estimation, that is, re-
constructing the solution of a known parametric PDE from
m linear measurements. When linear reduced models are
used, well known results in reconstruction stability and ap-
proximation errors can be used to give bounds of overall
error of state estimation. We present some new results and
schemes for the deployment of nonlinear reduced models
for this task, specifically models that are locally linear for
disjoint partitions of the parameter domain. One challenge
in this task is sensing which locally linear model to apply,
given some specific measurements. Our strategy for this
is to consider the residuals, and chose local linear mod-
els according to which minimizes the residual associated
with the PDE. We discuss results and some interesting
dual-minimization strategies for parameter estimation that
arise, and present a numerical study of this strategy
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MS20

Enhancing Accuracy of Deep Learning Algorithms
by Training on Low-Discrepancy Sequences and Its
Higher-Order Extension

We propose a deep supervised learning algorithm based
on low-discrepancy sequences as the training set. By a
combination of theoretical arguments and extensive nu-
merical experiments we demonstrate that the proposed
algorithm significantly outperforms standard deep learn-
ing algorithms that are based on randomly chosen training
data, for problems in moderately high dimensions. We fur-
ther extend the theory to higher-order Quasi-Monte Carlo
points, which are proved to facilitate higher-order decay (in
terms of the number of training samples) of the underlying
generalization error, with consistency error bounds that
are free from the curse of dimensionality in the input data
space, provided that deep neural network weights in hidden
layers satisfy certain summability conditions. We provide
numerical experiments on elliptic and parabolic PDEs with
uncertain inputs that confirm the theoretical analysis.
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MS20

Fast Approximation by Periodic Kernel-Based
Lattice-Point Interpolation

In this talk I will discuss the kernel-based approximation
of a multivariate periodic function by interpolation at the
points of an integration lattice. This combination allows
fast evaluation by fast Fourier transform, so avoiding the
need for a linear solver. Our main contribution is the appli-
cation to the approximation problem for uncertainty quan-
tification of elliptic partial differential equations, with the
diffusion coefficient given by a random field that is periodic
in the stochastic variables. We have a full error analysis,
and full details of the construction of lattices needed to
ensure a good rate of convergence and an error bound in-
dependent of dimension, with numerical experiments sup-
porting the theory.
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MS21

A Bayesian Level Set Method for An Inverse
Medium Scattering Problem in Acoustics

In this talk, we are interested in the determination of the
shape of the scatterer for the two-dimensional time har-
monic inverse medium scattering problems in acoustics.
The scatterer is assumed to be a piecewise constant func-
tion with a known value inside inhomogeneities, and its
shape is represented by the level set functions for which
we investigate the information using the Bayesian method.
In the Bayesian framework, the solution of the geometric
inverse problem is defined as a posterior probability distri-
bution. The well-posedness of the posterior distribution is
discussed, and the Markov chain Monte Carlo (MCMC)
method is applied to generate samples from the poste-
rior distribution. Numerical experiments are presented to
demonstrate the effectiveness of the proposed method.
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MS21

Level-Set Parameterisations for Ensemble Kalman
Inversion

In this talk I discuss recent advances in the implementa-
tion of the level-set approach to parameterise unknown in-
terfaces and discontinuous properties with the Ensemble
Kalman Inversion (EKI) framework for inverse problems.
The proposed approach uses an underlying level-set func-
tion parameterised via the SPDE formulation for Whittle-
Matern (WM) random fields. We compose the level-set-
based WM parameterisation with the forward map and,
using the capability of EKI to handle parameter-to-output
maps in a blackbox fashion, we infer all relevant (hyper-
)parameters of the level-set-based WM parameterisation
within the EKI algorithm. We demonstrate the applica-
bility of this approach to solve various inverse problems
where the unknown is a discontinuous property arising
from the presence of an anomalous material/tissue. We
will present numerical examples with applications to (i)
non-destructive testing of composite materials, (ii) ground
penetrating radar and (iii) magnetic resonance elastogra-
phy.
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MS21

Segmentation, Level Sets, and Uncertainty

The shapes of objects in an image can be recovered by
processes of segmentation, however, uncertainties remain.
These uncertainties are often expressed as pixel- or voxel-

wise probabilities on class labels. I will first discuss Active
Mean Fields, a method that imparts a specific probabilis-
tic meaning to level sets used in Chan-Vese style image
segmentation. I will describe a second method that essen-
tially uses stochastic level sets to characterize uncertainties
in shapes – shapes may be sampled by thresholding random
draws from a specific Gaussian process. This sampling ap-
proach can be used to estimate arbitrary statistics on the
modeled shapes.
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MS21

Bifidelity Data-Assisted Neural Networks in Non-
intrusive Reduced-Order Modeling and Its Appli-
cations in Uncertainty Quantification

In this talk, I will introduce a new nonintrusive reduced ba-
sis method when a cheap low-fidelity model and an expen-
sive high-fidelity model are available. The method employs
proper orthogonal decomposition method (POD) to gener-
ate the high-fidelity reduced basis and a shallow multilayer
perceptron to learn the high-fidelity reduced coefficients.
In contrast to previously proposed methods, besides the
model parameters, we augmented the features extracted
from the data generated by an efficient bi-fidelity surro-
gate as the input feature of the proposed neural network.
By incorporating relevant bi-fidelity features, we demon-
strate that such an approach can improve the predictive
capability and robustness of the neural network via several
benchmark examples. Due to its nonintrusive nature, it is
also applicable to general parameterized problems, such as
uncertainty quantification.
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MS22

Functional-Input Gaussian Processes with Applica-
tions to Inverse Scattering Problems

Surrogate modeling by Gaussian process models has re-
ceived increasing attention in the analysis of complex prob-
lems in science and engineering. Despite extensive studies
on Gaussian process modeling, the developments for func-
tional inputs are scarce. Motivated by an inverse scatter-
ing problem, a new class of kernel functions is introduced
for Gaussian process models with functional inputs. The
asymptotic convergence properties of the proposed Gaus-
sian process models are derived and the finite sample per-
formance is demonstrated by numerical examples. In the
application to inverse scattering problem, the functional in-
put which is associated with the support of the scattering
region of interest is identified, given a measured far-field
pattern.
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MS22

Gaussian Process Assisted Active Learning of
Physical Laws

In many areas of science and engineering, discovering the
governing differential equations from the noisy experimen-
tal data is an essential challenge. It is also a critical step
in understanding the physical phenomena and prediction
of the future behaviors of the systems. However, in many
cases, it is expensive or time-consuming to collect experi-
mental data. This article provides an active learning ap-
proach to estimate the unknown differential equations ac-
curately with reduced experimental data size. We propose
an adaptive design criterion combining the D-optimality
and the maximin space-filling criterion. In contrast to ac-
tive learning for other regression models, the D-optimality
here requires the unknown solution of the differential equa-
tions and derivatives of the solution. We estimate the
Gaussian process (GP) regression models from the avail-
able experimental data and use them as the surrogates
of these unknown solution functions. The derivatives of
the estimated GP models are derived and used to sub-
stitute the derivatives of the solution. Variable selection-
based regression methods are used to learn the differential
equations from the experimental data. Through multiple
case studies, we demonstrate the proposed approach out-
performs the D-optimality and the maximin space-filling
design alone in terms of model accuracy and data econ-
omy.
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MS22

A New Uncertainty Quantification Method based
on Koopman Operator

We propose a new uncertainty quantification (UQ) method
for dynamical systems with random parameters. Unlike
conventional UQ approaches in which a set of basis func-
tions associated with random variables are used to con-
struct a surrogate model of the quantity of interest (QoI),
our new method uses the eigenfunction and eigenvalues of
the Koopman operator of the system to construct the sur-
rogate. The advantage of this new approach is that the
eigenpairs of the Koopman operator incorporate key fea-
tures of the dynamics, hence it can be more efficient in cap-
turing behavior of the system. Empirically, our approach
exhibits exponential convergence if the solution is smooth.
Moreover, the computation of this new approach is very ef-
ficient as it doesn’t need time integration like Runge-Kutta
scheme, and the statistics of the QoI relies on the moment-
generating function of the random variable in the system.
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MS22

Deep Gaussian Process Emulation Using Stochastic
Imputation

We introduce a novel inference method for deep Gaussian
process (DGP) emulation using stochastic imputation. By
stochastically imputing the latent layers, the approach con-
verts the DGP to the linked GP, a state-of-the-art sur-
rogate model formed by a feed-forward network of GPs.
This transformation renders a simple while efficient DGP
training procedure that only involves optimizations of con-
ventional stationary GPs. In addition, the analytically
tractable mean and variance of the linked GP allow one
to make predictions from DGP emulators in a fast and
accurate manner. We demonstrate the method in a syn-
thetic example and a real-world application, and show that
it is a competitive candidate for efficient DGP surrogate
modeling in comparison to the Doubly Stochastic Varia-
tional Inference (DSVI) and the fully-Bayesian approach.
A Python package, called dgpsi, implementing the method
is produced and publicly available on GitHub.
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MS23

Fast Approximation of High-Rank Hessians to Ac-
celerate MCMC for Bayesian Seismic Inversion

Markov chain Monte Carlo (MCMC) has been used to
quantify uncertainties in seismic full-waveform inverse
problems. However, MCMC is usually prohibitive for
such problems, due to the large number of samples re-
quired. The generalized preconditioned CrankNicolson
method uses proposals with covariance operators based
on the (Gauss-Newton) Hessian of the negative log likeli-
hood at the MAP point to accelerate the sampling process.
Computing the exact Hessian is intractable for large scale
problems. Moreover, slow decay of its eigenvalues means
that low-rank approximation is not effective. We propose
a Hessian approximation method based on a local trans-
lation invariance approximation. This is achieved through
a product-convolution scheme followed by a low-rank cor-
rection. The approximation can be expressed in the form
of an H-matrix, which facilitates fast matrix computations
needed for drawing samples. The results show that the ap-
proximation speeds up MCMC significantly compared to
low-rank approximation.
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MS23

Low-Dimensional Structure in Bayesian Inference
Problems with Mixture Models

Efficient solutions to many Bayesian inference problems
exploit the low-dimensional structure in the prior-to-
posterior update. Such structure typically arises when the
data are informative only on a subspace of the parameters.
Identifying the subspace, often labeled as the likelihood-
informed subspace (LIS) is particularly challenging when
using non-gaussian priors, and/or non-linear maps between
parameters and data. When the likelihood and/or the prior
are prescribed using Gaussian mixture models, the LIS for
each component of the posterior mixture is easily iden-
tified, and cumulatively they describe the data informed
directions for the full problem. We rigorously analyze the
ability of these component LIS in approximating the pos-
terior distribution, and demonstrate the utility of the un-
derlying ideas in a high-dimensional atmospheric retrieval
problem.

Jayanth Jagalur Mohan, Ricardo Baptista
MIT
jagalur@mit.edu, rsb@mit.edu

Youssef M. Marzouk
Massachusetts Institute of Technology
ymarz@mit.edu

MS23

Balanced Truncation for Bayesian Inference

We consider the Bayesian approach to the linear Gaus-
sian inference problem of inferring the initial condition
of a linear dynamical system from noisy output measure-
ments taken after the initial time. In practical applica-
tions, the large dimension of the dynamical system state
poses a computational obstacle to computing the exact
posterior distribution. Balanced truncation is a system-
theoretic method for model reduction which obtains an ef-
ficient reduced-dimension dynamical system by projecting
the system operators onto state directions which simulta-
neously maximize energies defined by reachability and ob-
servability Gramians. We introduce Gramian definitions
relevant to the inference setting and propose a balanced
truncation approach based on these inference Gramians
that yield a reduced dynamical system that can be used to
cheaply approximate the posterior mean and covariance.
Our Gramian definitions exploit natural connections be-
tween (i) the reachability and the prior covariance and (ii)
the observability and the Fisher information. The resulting
reduced model then inherits stability properties and error
bounds from system theory, and in some settings yields

an optimal posterior covariance approximation. Numerical
demonstrations on two benchmark problems in model re-
duction show that our method can yield near-optimal pos-
terior covariance approximations with order-of-magnitude
state dimension reduction.
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MS23

Geometric Ergodicity of Slice Sampling

For approximate sampling of a partially known distribu-
tion, e.g., posterior distributions in Bayesian inverse prob-
lems, the slice sampling methodology provides a machinery
for the design and simulation of a suitable Markov chain
without the necessity to tune any parameters as in many
Metropolis-Hastings algorithms. In the machine learning
community slice sampling is a frequently used approach,
which appears not only there as standard sampling tool.
In particular, the elliptical slice sampler attracted in the
last decade considerable attention as a dimension-robust
algorithm. However, from a theoretical point of view it is
not well understood. In this talk, we show the geomet-
ric ergodicity of Markov chains generated by elliptical slice
sampling as well as simple slice sampling with particular
emphasis on their (in)dependence on the state space di-
mension.
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MS24

Performance Bounds for PDE-Constrained Opti-
mization under Uncertainty

Computational solutions of PDE-constrained optimization
under uncertainty involve various approximations such as
finite-dimensional approximation of control variables, nu-
merical approximation of PDE solutions, sample average
approximation of risk measures or reliability constraints,
approximation of nonsmooth expressions and penalization
of constraints. In this presentation, we develop a general
framework for analyzing such approximations and estab-
lish performance bounds for the obtained approximating
solutions. Specifically, under the convergence of each ap-
proximation, the performance of any cluster point of the
computed controls are guaranteed to be sub-optimal with
a certain tolerance. We demonstrate the framework by
applying it to a concrete example of buffered probability
constrained optimal control problem governed by an ellip-
tic PDE with a random coefficient field and a distributed
control function.
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MS24

Asymptotic Properties of Monte Carlo Methods for
PDE-Constrained Optimization under Uncertainty

The numerical solution of every PDE-constrained opti-
mization problem subject to uncertainty requires at some
point an approximation of the random parameters. This
typically manifests itself in the use of Monte Carlo sam-
pling approaches to replace the underlying probability
measure P by an associated empirical probability measure
PN . Similarly, if only data is available, then we may also
take the perspective that the true measure P has been re-
placed by a discrete approximation. Either way, the solu-
tions we compute, which may require an enormous amount
of computing power, may only be understood as a single
realization of a complex random process. If this is the case,
then it is crucial to understand how the optimal values and
optimal solutions behave as the sample size N → ∞. One
possibility to derive such results makes use of probability
metrics. By taking this perspective, we first derive a gen-
eral error bound for a class of risk-neutral PDE-constrained
optimization problems. Afterwards, we demonstrate how
additional assumptions on the structure of uncertainty in
the differential operators can be exploited to obtain a rate
of convergence using empirical process theory and a central
limit theorem for the optimal value.
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MS24

An Interior-Point Approach for Risk-Averse PDE-
Constrained Optimization with Risk Measures

We propose a method for solving risk-averse PDE-
constrained optimization problems where the used risk
measure is a convex combination of the mean and the
conditional value-at-risk (CVaR). Since these risk mea-
sures can be evaluated by solving a related inequality-
constrained optimization problem, we propose a log-barrier
technique to approximate the risk measure, which leads to
a new continuously differentiable convex risk measure: the
log-barrier risk measure. We prove consistency of the ap-
proximation via a variational convergence technique. Using
the differentiability of the log-barrier risk measure, we de-
rive first-order optimality conditions reminiscent of interior
point approaches in nonlinear programming. We study the
associated Newton systems in full and reduced form and
provide a sufficient condition for local superlinear conver-
gence in the continuous setting. For the discretization of
the problem, we employ novel low-rank tensor methods.
The presentation concludes with numerical examples.
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MS24

Optimal Control of PDEs under Uncertainty with
Joint Chance State Constraints

We study optimal control of PDEs under uncertainty,
where the state variable is subject to joint chance con-
straints. While we seek deterministic controls, the cor-
responding states are probabilistic due to uncertainty in
the governing equation. Joint chance constraints require
that realizations of this probabilistic state variable satisfy
pointwise bounds with a given, typically high, probability.
We consider linear and bilinear elliptic PDEs with infinite-
dimensional uncertain parameters as governing equations.
We argue that properties of the governing equations re-
duce the effective random space dimension and show how
this can be used to approximate the chance probabilities.
In particular, we use a spherical-radial decomposition of
Gaussian random variables, which allows not only com-
putation of the joint chance probabilities, but also their
derivatives, enabling the use of efficient gradient based op-
timization algorithms.
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MS25

Emulation and Uncertainty Quantification for a
Coupled Model of Fluid Flow and Mechanical De-
formation

Complex physical processes are often described by multi-
ple types of physics coupled together with input and output
parameters that are vector valued. Unfortunately, to gen-
erate statistics on these models we need to run numerous
expensive simulations. Instead of running the full physical
model for each design point, we use an emulator which acts
as an interpolator to allow us to quickly evaluate the simu-
lation at non-design points. We propose using a Gaussian
Stochastic Process (or GaSP) emulator with the coupling
accomplished by using a version of a linked emulator for
the composite simulator. The vector output is handled by
extending parallel partial emulators. In this work we de-
scribe the extension of GaSP emulators to coupled systems
with vector output and apply the emulator to the Terzaghi
consolidation problem. Terzaghi models the consolidation
of a 100-inch column of mud which compacts after a load
is dropped on the top of the column. The column is im-
permeable on the sides and bottom, but fluid is allowed to
exit the top which results in changing porosity and per-
meabilty in the column. Mathematically we loosely couple
fluid flow and mechanical deformation. In this loose cou-
pling, the change in fluid pressure is passed from the flow
equations to act as a load on the mechanical deformation.
Solving then for displacement leads to a strain change and
ultimately an update in porosity which is then fed back into
the fluid equations for the subsequent set of time steps.
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MS25

Coupled Emulation of Poroelastic Deformation and
Fluid Pressurization in Biomechanical Models of
Articular Cartilage

Biphasic poroelastic models have been widely used to study
coupling between deformation and flow in articular carti-
lage. Mathematical and computational solutions of bound-
ary value problems that model in vitro or in vivo responses
to time-varying loading can enhance our understanding of
mechanotransduction from the tissue to the cellular scale.
They also contribute to the development of optimal strate-
gies for tissue engineering. Coupled emulators have a po-
tential role in accelerating 3D computational biomechani-
cal models (e.g. contact problems in diarthrodial joints).
Such emulators can also contribute to coupling models of
biomechanical deformation with models for biotransport
and cell physiology in states of normal tissue homeosta-
sis, or when alterations occur due to diseases such as os-
teoarthritis. This talk will present strategies for developing

coupled Gaussian stochastic process (GaSP) emulators of
biphasic poroelastic deformation, flow and pressurization
in cylindrical cartilage explants. The associated boundary
value problems can be viewed as a system that couples a
forced elastostatics equation to a porous media flow equa-
tion. Exact analytical representations, based on orthog-
onal series solutions, are used to systematically evaluate
the accuracy of the emulators. Several time-varying load-
ing protocols, such as creep, stress relaxation and dynamic
loading are considered and the effects of loading rates and
frequencies on emulation accuracy will be discussed.
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MS25

Uncertainty Quantification for Trace Gas Sensor
Modeling

Trace gas sensors which are compact and portable can be
used to detect minute quantities of gases for applications
ranging from disease diagnosis to industrial pollution con-
trol and homeland security. The sensor contains a laser
heat source and a tiny quartz tuning fork that acts as a
resonator. The laser source is tuned to the correct fre-
quency range so that if the gas to be detected is present,
it will absorb this energy. When this energy is absorbed
by the gas molecules, both an acoustic and a thermal wave
are generated and propagate out from this laser source. If
the laser is positioned between the tines of the tuning fork,
then these waves cause the tines to vibrate, and the ve-
locity of the tines of the fork is proportional to the signal
strength and hence to the amount of gas present. Mathe-
matically we model this sensor system using a version of the
Navier-Stokes equations for pressure and temperature in
the fluid, namely, the Morse-Ingard Equations. We couple
these equations to the displacement equation in the tuning
fork. This two-way coupled system allows us to determine
the damping in the system without a priori assumptions or
experimental measurements. However, the system involves
many input parameters which make it costly to determine
statistics about the system. In this talk I will discuss the
sensitivity analysis of the coupled system and reduced or-
der modeling to maximize the strength of the signal gen-
erated by the gas.
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Invariant Representations in Heterogeneous Catal-
ysis

The main challenge in using machine learning models
to accelerate computational catalysis is the development
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of molecular representations and surface descriptors that
can be used to predict adsorption energies. While sev-
eral datasets are publicly available, their applicability to
new systems is rather limited due to the intrinsic idiosyn-
crasies in their data. Namely, the heterogeneity in the den-
sity functional theory (DFT) makes the transfer of knowl-
edge challenging between two different systems that make
use of two different functionals. We propose to lever-
age the variability in these open-source datasets and learn
invariant material and molecular representations by ig-
noring the spurious correlations specific to each dataset.
To develop these generalizable molecular descriptors, we
assume that different approximations in the exchange-
correlation functional exhibit invariant effects on surface
chemistry. Namely, significant differences in adsorption
energies should not change with the DFT functional. This
allows us to develop novel deep learning models that are at-
tuned to heterogeneous catalysis by learning from pairwise
energies within a functional while enforcing invariant cor-
relation structures across different functionals. In our ini-
tial studies, we found statistically significant improvements
from learning using data from a variety of DFT functionals
as compared with only data calculated using the functional
of interest.
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MS26

Gradient-Based Bayesian Experimental Design for
Implicit Models Using Mutual Information Lower
Bounds

We introduce a framework for Bayesian experimental
design (BED) with implicit models, where the data-
generating distribution is intractable but sampling from
it is still possible. In order to find optimal experimental
designs for such models, our approach maximizes mutual
information lower bounds that are parametrized by neu-
ral networks. By training a neural network on sampled
data, we simultaneously update network parameters and
designs using stochastic gradient-ascent. The framework
enables experimental design with a variety of prominent
lower bounds and can be applied to a wide range of scien-
tific tasks, such as parameter estimation, model discrim-
ination and improving future predictions. Using a set of
intractable toy models, we provide a comprehensive empir-
ical comparison of prominent lower bounds applied to the
aforementioned tasks. We further validate our framework
on a challenging system of stochastic differential equations
from epidemiology.
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Physics-Informed Model-Based Reinforcement

Learning with Quantified Uncertainties

Model-based reinforcement learning (MBRL) algorithms
are believed to have higher sample efficiency compared to
their model-free counterparts. However, the challenge of
learning an accurate model largely limits the performance
of MBRL used in a high-dimensional complex physics envi-
ronment. To deal with the aleatoric uncertainty caused by
the randomness of the system or/and the epistemic un-
certainty due to limited training data, people proposed
probabilistic MBRL algorithms based on model ensemble
or Bayesian networks. Nonetheless, these models are usu-
ally built in a black-box manner, which poses great chal-
lenges to identifying and quantifying uncertainties from
various sources. To tackle this issue, we introduce a
physics-informed probabilistic MBRL method that lever-
ages physics knowledge (e.g., conservation laws and gov-
erning equations) in model development and training pro-
cesses. By incorporating the prior information of the en-
vironment, we carefully estimate the various uncertain-
ties due to data noises, model learning, and model rollout
length, and quantify their impact on the policy optimiza-
tion. We will test our proposed method on dynamic control
problems for several physical systems.
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Design of Experiments with Functional Variables

The aim of this work is to extend the usual optimal experi-
mental design paradigm to experiments where the settings
of one or more variables are functions. For these new ex-
periments, a design consists of combinations of functions
for each run of the experiment along with settings for non-
functional variables. After briefly introducing the class of
functional variables, basis function systems are described.
Basis function expansion is applied to a functional lin-
ear model and expanded to a generalised functional linear
model consisting of both functional and scalar factors, re-
ducing the problem to an optimisation problem of a single
design matrix.
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Exploring Risk-Averse Design Criteria for Sequen-
tial Optimal Experimental Design in a Bayesian
Setting

This work explores optimal experimental design in a
Bayesian setting for nonlinear models. We explore a se-
quential approach to optimal design that updates the de-
sign as data is collected. Additionally, we investigate var-
ious ways of defining optimality through the choice of the
design criterion. Standard Bayesian approaches often mea-
sure divergence in terms of the average behavior of the dis-
tributions quantifying uncertainty in parameter estimates
or model outputs. However average behavior is often not
conservative enough. Here, we compare these standard ap-
proaches to risk-averse measures of divergence which aim
to avoid worst case scenarios by focusing on behavior at
the tails of such distributions.
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MS27

Shadowing-Based Data Assimilation Method for
Partially Observed Models

Data assimilation is broadly used in atmosphere and ocean
science to correct error in the state estimation by incorpo-
rating information from measurements into the mathemat-
ical model. The widely-used variational data assimilation
method has a drawback of a drastic increase of the num-
ber of local minima of the corresponding cost function as
the number of measurements increases. The shadowing
approach to data assimilation, which was pioneered by K.
Judd and L. Smith in Physica D (2001), aims at estimating
the whole trajectory at once. It has no drawback of several
local minima. However, it is computationally expensive,
requires measurements of the whole trajectory, and has an
infinite subspace of solutions. We propose to decrease the
computational cost by projecting the shadowing approach
to the unstable subspace that typically has much lower di-
mension than the phase space. Furthermore, we propose a
novel shadowing-based data assimilation method that lifts
up the requirement of a fully-observed state. We prove
convergence of the method and demonstrate in numerical
experiments with Lorenz models that the developed data
assimilation method substantially outperforms the varia-
tional data assimilation method.
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Trading Information for Statistical Properties with
Possibility Theory

Possibility theory allows for modelling information directly
rather than through random processes; as a consequence,
changing the analogue of a p.d.f., referred to as a possibility
function, is permitted as long as no artificial information

is created. This is an important difference between possi-
bility theory and probability theory as it means that some
approximations can be replaced by modifications of the un-
derlying possibility functions. As an example, the informa-
tion about two unknown quantities can be made ”indepen-
dent” by discarding the joint information, and this can be
used to derive a more principled version of the naive Bayes
approach. Similarly, in data assimilation, localisation can
be achieved without approximation, hence avoiding any un-
justified optimism in the resulting quantification of uncer-
tainty. This talk will introduce the necessary background
in possibility theory and motivate its use in practical prob-
lems via a range of convenient properties and examples.
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Analysis of An Interacting Particle System Using
Diffusion Maps for Bayesian Inference

Ensemble Kalman type methods have seen an explosion in
use in data assimilation applications and more recently for
a range of learning tasks. Despite their desirable stabil-
ity properties, they are not consistent with Bayes theorem
for non-linear, non-Gaussian systems. Recently, a range of
controlled particle filters have been proposed which aim to
emulate the structure of Ensemble Kalman type methods
whilst simultaneously providing consistent samples in the
asymptotic limit. More specifically, such filters involve con-
structing a control law to steer particles such that the cor-
responding probability distribution satisfies a variational
Bayes formula. We first provide an overview of this new
class of filters and how they can be used for nonlinear en-
semble data assimilation and Bayesian inverse problems.
A framework which allows to derive these filters will be ex-
plored, which will also highlight the main differences among
them. We then discuss recent analytic and numerical work
on a diffusion map based approximation of one such filter,
namely the Feedback Particle Filter.
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Stochastic Gradient Descent with a Noise Model
Inspired by Overparametrized Learning Problems

In the literature on stochastic gradient descent, there are
two types of convergence results: (1) SGD finds minimiz-
ers of convex objective functions and (2) SGD finds critical
points of smooth objective functions. Classical results are
obtained under the assumption that the stochastic noise is
L2-bounded and that the learning rate decays to zero at a
suitable speed. We show that, if the objective landscape
and noise possess certain properties which are reminiscent
of deep learning problems, then we can obtain global con-
vergence guarantees of first type under second type as-
sumptions for a fixed (small, but positive) learning rate.
The convergence is exponential, but with a large random
coefficient. If the learning rate exceeds a certain threshold,
we discuss minimum selection by studying the invariant
distribution of a continuous time SGD model. We show
that at a critical threshold, SGD prefers minimizers where
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the objective function is ‘flat’ in a precise sense.
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MS28

Semiparametric Machine Learning Methods for
Overcoming Model Error

Parametric modeling is the most powerful paradigm in
terms of ability to fit a large model from a reasonable
amount of data. This power comes at the expense of inflex-
ibility, and even a small mismatch between the parametric
form and the truth can dramatically degrade the model’s
usefulness. In contrast, nonparametric (data-driven) mod-
els are extremely flexible, and can provably adapt to an
enormous class of systems, but they have data requirements
that grow exponentially with the dimension of the underly-
ing system. In this talk we will explore the middle-ground
of semiparametric modeling techniques that leverage the
strengths of parametric and nonparametric methods. We
introduce a framework that allows the flexible nonparamet-
ric models to fill in the gaps and correct low-dimensional
model error in a parametric model. This framework uses
an ensemble of states in the parametric model to repre-
sent the uncertainty in the current forecast or state esti-
mate, and a full probability distribution is estimated for
the nonparametric model’s state. We overview how a com-
bination of sampling, interpolation, and uncertainty quan-
tification techniques are used to link the parametric and
nonparametric models. Finally, some synthetic forecasting
examples illustrate how the semiparametric framework can
overcome certain types of model error.
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Computing Committors in Collective Variable Us-
ing Mahalanobis Diffusion Maps

The study of rare events in molecular and atomic systems
such as conformal changes and cluster rearrangements has
been one of the most important research themes in chemi-
cal physics. Key challenges are associated with long wait-
ing times rendering molecular simulations inefficient, high
dimensionality impeding the use of PDE-based approaches,
and the complexity of transition processes limiting the pre-
dictive power of asymptotic methods. Diffusion maps are
promising algorithms to mitigate these issues. We adapt
the diffusion map with Mahalanobis kernel proposed by
Singer and Coifman (2008) for the SDE describing molec-
ular dynamics in collective variables in which the diffusion
matrix is position-dependent and, unlike the case consid-
ered by Singer and Coifman, is not associated with a diffeo-
morphism. We offer an elementary proof showing that one
can approximate the generator for this SDE discretized to
a point cloud via the Mahalanobis diffusion map. We use
it to calculate the committor functions in collective vari-
ables for two benchmark systems: alanine dipeptide, and
Lennard-Jones-7 in 2D. For validating our committor re-
sults, we compare our committors to the finite-difference
solution or by conducting a ”committor analysis” as used
by molecular dynamics practitioners. We contrast the out-
puts of the Mahalanobis diffusion map with those of the
standard diffusion map with isotropic kernel and show that
the former gives significantly more accurate estimates for

committors.
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Nonlinear Model Reduction for Slow-Fast Stochas-
tic Systems near Unknown Invariant Manifolds

We introduce a nonlinear stochastic model reduction tech-
nique for high-dimensional stochastic dy- namical sys-
tems that have a low-dimensional invariant effective man-
ifold with slow dynamics, and high-dimensional, large fast
modes. Given only access to a black box simulator from
which short bursts of simulation can be obtained, we de-
sign an algorithm that outputs an estimate of the invariant
manifold, a process of the effective stochastic dynamics on
it, which has averaged out the fast modes, and a simu- lator
thereof. This simulator is efficient in that it exploits of the
low dimension of the invariant manifold, and takes time
steps of size dependent on the regularity of the effective
process, and therefore typically much larger than that of
the original simulator, which had to resolve the fast modes.
The algorithm and the estimation can be performed on-
the-fly, leading to efficient exploration of the effective state
space, without losing consistency with the underlying dy-
namics. This construction enables fast and efficient sim-
ulation of paths of the effective dynamics, together with
estimation of crucial features and observables of such dy-
namics, including the stationary distribution, identification
of metastable states, and residence times and transition
rates between them.
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MS29

Model Discrepancy in CO2 Retrievals from the
OCO-2 Satellite

The Orbiting Carbon Observatory 2 (OCO-2) collects
space-based measurements of atmospheric CO2. The CO2
measurements are indirect since the instrument observes
radiances (reflected sunlight) over a range of wavelengths
and a physical model is inverted, via Bayes Theorem, to
estimate CO2 concentration in the atmosphere. This in-
ference is in fact an estimation of physical parameters
(an inverse problem) which can be both biased and over-
confident when model error is present but not accounted
for. The OCO-2 mission addresses this problem in a few
different ways, e.g. with a post-inference bias correction
procedure based on ground measurements. This talk will
discuss methods to account for structured and informative
model error directly in the inversion procedure to lessen
bias and provide more reliable uncertainty estimates.
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Multivariate Fused Gaussian Process for Large
Spatial Data

Large multivariate spatial data sets are common in envi-
ronmental and climate sciences. This article proposes a
flexible multivariate spatial statistical model for such data.
Built upon Ma and Kang (2020), we model multivariate
spatial processes in an additive form with two components
to induce spatial dependence and a relationship between
distinct variables: One component is of a low-rank for-
mat, and the other component is built in a conditional way
with multivariate spatial conditional autoregressive (CAR)
models. By combining these two components, the resulting
model not only allows for efficient computation of parame-
ter estimation and spatial prediction but is also flexible to
describe spatial covariance and cross-covariance structures
that can potentially be nonstationary or asymmetric. The
performance of the proposed model that we call the mul-
tivariate fused Gaussian process (MFGP) is investigated
through an extensive simulation study and a real-data ex-
ample. The results show that MFGP, by borrowing infor-
mation from complementary data, provides substantially
improved spatial predictions compared to the univariate
models. We also demonstrate that MFGP outperforms the
multivariate model with the low-rank component solely or
with a multivariate CAR model with a separable covari-
ance matrix.
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MS29

Objective Frequentist Uncertainty Quantification
for Atmospheric CO2 Retrievals

The steadily increasing amount of atmospheric carbon
dioxide (CO2) is having an unprecedented impact on the
global climate system. In order to better understand the
sources and sinks of CO2, NASA operates the Orbiting
Carbon Observatory-2 & 3 satellites to monitor CO2 from
space. These instruments measure the radiance of the sun-
light reflected off the Earth’s surface, which is then inverted
in an ill-posed inverse problem to obtain estimates of the
atmospheric CO2 concentration. In this work, we propose
a new CO2 retrieval method that uses known physical con-
straints on the state variables and direct inversion of the
target functional of interest to construct well-calibrated
frequentist confidence intervals based on convex program-
ming. We compare the method with the current opera-
tional retrieval procedure, which uses prior knowledge in
the form of probability distributions to regularize the prob-
lem, and demonstrate that the proposed intervals consis-
tently achieve the desired frequentist coverage while the

operational uncertainties might be poorly calibrated both
at individual locations and over a spatial region. We also
study the influence of individual nuisance state variables
on the length of the proposed intervals and identify certain
key variables that can greatly reduce the final uncertainty
given additional deterministic or probabilistic constraints,
and develop a principled framework to incorporate such
information into our method.
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MS29

Assessing the Impact of Uncertainty in the Orbit-
ing Carbon Observatory-2 Estimates of CO2 Con-
centration

Satellites that track atmospheric greenhouse gases, such as
NASAs Orbiting Carbon Observatory-2 (OCO-2), measure
spectral radiances at fine spatial and temporal resolutions.
Retrieval algorithms are designed to estimate the atmo-
spheric constituent of interest, such as carbon dioxide (CO2
), by modelling the process of radiative transfer through the
atmosphere. The retrieved atmospheric states inform key
hypotheses in carbon cycle science, but these inferences re-
quire an assessment of the sources of uncertainty in the re-
trieval process, including algorithm parameter choices and
the inherent variability of the atmospheric states and mea-
sured radiances. One of the fundamental uses of OCO-2s
data product is carbon flux inversion modelling, which re-
lies on the satellites global coverage to produce detailed
maps of CO2 sources and sinks. We present the results
of a series of simulation experiments and spatial statistical
analyses designed to quantify the uncertainty for individual
retrievals and aggregate summaries, assessing the impact of
rigorous uncertainty quantification on global flux inversion
modelling.
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MS30

Verification of Hydrodynamic Simulation Codes for
Modeling the Effects of Curvature on Detonation
Propagation

The propagation speed of a curved detonation front is an
important property to characterize the performance of a
High Explosive (HE). Data on the detonation speed in fi-
nite dimensional charges is often used to calibrate models
of HE combustion. Simulating these experiments can be
computationally expensive and is often the computational
bottleneck in such calibrations. Two different approaches
to modeling this phenomenon are considered: the first uses
an assumption of large curvature to simplify the problem
into a system of Ordinary Differential Equations (ODE) in
a single dimension, the second solves a system of partial
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differential equations in two dimensions. The former ap-
proach is orders of magnitude faster than the latter but is
only applicable for large curvatures, while the latter has
no such limitations. There are three parts to this verifi-
cation study. First, the implementation of the two codes
are verified against exact analytic solutions for single- and
two-step Arrhenius kinetics. Second, a solution verifica-
tion exercise is performed on both codes to understand the
effect of spatial discretization on the error in the detona-
tion speed. Finally, the two codes are compared to identify
the regime where the faster ODE solver an be used with
acceptable accuracy.
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MS30

Code-Verification Techniques for the Method-of-
Moments Implementation of the Electric-Field In-
tegral Equation

Though the method-of-moments implementation of the
electric-field integral equation plays an important role in
computational electromagnetics, it provides many code-
verification challenges due to the different sources of nu-
merical error. In this work, we provide an approach
through which we can apply the method of manufactured
solutions to isolate and verify the solution-discretization er-
ror. We accomplish this by manufacturing both the surface
current and the Green’s function. Because the arising equa-
tions are poorly conditioned, we reformulate them as a set
of constraints for an optimization problem that selects the
solution closest to the manufactured solution. We demon-
strate the effectiveness of this approach for cases with and
without coding errors.

Brian A. Freno, Neil Matula, William Johnson
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MS30

Discretization Error Transport Equations for Un-
steady Flows

Discretization errors are one of the sources of uncertainty in
scientific computing. They occur when a numerical method
is used to approximate the solution to a set of partial differ-
ential or integral equations, and are complicated functions
of the chosen grid, time step, numerical method, and the
solution. Our group at Virginia Tech has recently focused
on the use of error transport equations (ETE) for provid-
ing higher-order estimates of the discretization error in the
field solution as well as in derived solution functionals (usu-
ally surface integrals such as the drag force) for computa-
tional fluid dynamics applications. This talk will focus
on the extension of these methods from steady-state prob-
lems to time-dependent ones. ETE offers significant ad-

vantages over more traditional approaches such as Richard-
son extrapolation (which requires multiple, systematically-
coarsened grids) and adjoint methods (which can only pro-
vide discretization error estimates in the derived solution
functionals). Furthermore, while adjoint methods applied
to unsteady problems require the original problem to be
solved forward in time and then the adjoint problem to be
solved backward in time, we have shown that ETE can be
evolved along with the original problem in time, thus re-
quiring significantly less storage. Time-dependent results
will include solutions and ETE for the linear advection-
diffusion equation, viscous Burgers equation, the Euler
equations, and the Navier-Stokes equations.
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MS30

Numerical Verification Procedure for Large Defor-
mation Analyses of Hyperelasticity

In recent years, the importance of verification and valida-
tion of numerical simulations has increased in engineering
fields. The objective of this work is to propose numeri-
cal verification procedures for large deformation problems
of hyperelasticity, which is one of the typical problems
of nonlinear solid mechanics. In conventional verification
procedures to compare the numerical solutions and exact
ones of second-order partial differential equations, source
terms are calculated from the given artificial solutions, such
as manufactured solutions. However, second-order spatial
derivatives of solutions are hardly calculated, especially in
nonlinear problems of solid. To circumvent such difficulty,
the author developed an alternative procedure to calculate
equivalent nodal vectors of body forces in the finite ele-
ment method without calculation of the spatial derivative
of stresses corresponding to the second-order derivative of
the solution. This procedure is realized by the assumption
of the weak exact solution and the calculation of equiva-
lent nodal force vectors associated with stresses of the exact
solution corresponding to the second-order spatial deriva-
tives of the solution. We apply the proposed procedure to
the method of manufactured solution and the method of
nearby problems for large deformation problems of hyper-
elasticity and several representative numerical results are
presented to discuss the effectiveness and properties of our
approach.

Takahiro Yamada
Yokohama National University
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MS31

Bayesian Optimization of Functional Output in In-
verse Problems

Motivated by the parameter identification problem of a
reaction-diffusion transport model in a vapor phase infil-
tration processes, we propose a Bayesian optimization pro-
cedure for solving the inverse problem that aims to find
an input setting that achieves a desired functional out-
put. The proposed algorithm improves over the standard
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single-objective Bayesian optimization by (i) utilizing the
generalized chi-square distribution as a more appropriate
predictive distribution for the squared distance objective
function in the inverse problems, and (ii) applying func-
tional principal component analysis to reduce the dimen-
sionality of the functional response data, which allows for
efficient approximation of the predictive distribution and
the subsequent computation of the expected improvement
acquisition function.
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MS31

Predictive Model for the Sublimation Enthalpy of
Organic Molecules Powered by Density Functional
Theory and Machine Learning

A fast and accurate method to predict the sublimation
enthalpy of organic and organic-inorganic hybrid molec-
ular precursors is critical to several applications, includ-
ing membrane separations, microelectronics, energy stor-
age, and smart coatings. Density functional theory (DFT)
has been widely applied in materials research due to its
unparalleled success in fundamental property prediction.
Nevertheless, DFT calculations tend to be time-consuming,
especially for large systems. Data-driven machine learning
(ML) methods are may be trained on a parent dataset
(which could come from expensive DFT computations);
once trained, the ML models can make property predic-
tions almost instantaneously for new cases. In this work,
we employed DFT to establish a sublimation enthalpy
dataset for a benchmark set of organic molecules, and
have built an ML model, trained on the DFT dataset, for
the prediction of the sublimation enthalpy for new organic
molecules. Our ML model was based on Gaussian process
regression model. The initial ML model was coupled with
different active-learning iterative cycles to progressively
perform sublimation enthalpy DFT calculations, thus sys-
tematically augmenting the training dataset. Our results
demonstrate that an active learning framework based on
the predicted uncertainty of the ML models can systemat-
ically improve the predictive capability for the sublimation
enthalpy of organic molecules in a smart way.

Yifan Liu
Georgia Institute of Technology
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MS31

Black-Box Optimization with a Novel Nonlocal
Gradient and Its Applications

The problem of minimizing multi-modal loss functions with
a large number of local optima frequently arises in model
calibration, architecture design and machine learning prob-
lems. Since the local gradient points to the direction of
the steepest slope in an infinitesimal neighborhood, an op-
timizer guided by the local gradient is often trapped in a
local minimum. To address this issue, we develop a novel
nonlocal gradient to skip small local minima by captur-
ing major structures of the loss’s landscape in black-box
optimization. The nonlocal gradient is defined by a direc-
tional Gaussian smoothing (DGS) approach. The key idea
of DGS is to conducts 1D long-range exploration with a

large smoothing radius along d orthogonal directions in Rd,
each of which defines a nonlocal directional derivative as a
1D integral. Such long-range exploration enables the non-
local gradient to skip small local minima. The d directional
derivatives are then assembled to form the nonlocal gradi-
ent. We use the Gauss-Hermite quadrature rule to approx-
imate the d 1D integrals to obtain an accurate estimator.
The superior performance of our method is demonstrated
in several benchmark tests as well as physics-informed ma-
chine learning problems.
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MS31

Deep-Green Inversion (DGI) to Extract Traction
Separation Relationship at Material Interfaces

The traction-separation relationship of an interface is a
critical component to understand and model the delamina-
tion behavior of multi-layer composites in situations where
large scale bridging is active. Limited by current exper-
imental techniques, the extraction of traction-separation
relationships often relies on inverse approaches, where far
field measurements are used as input data. In this work,
a data-driven model based on Greens function embedded
neural networks is proposed (namely Deep Green Inver-
sion, or DGI), where the input consists of far field dis-
placement fields while the output is the desired but ini-
tially unknown tractions and separations on the interface.
Specifically, Greens functions are embedded as a loss func-
tion term along with other terms based on mean squared
error and the field equations associated with loaded elastic
bodies. The developed approach is then successfully vali-
dated for mode-I and mixed-mode cohesive zone extraction
problems using only far-field displacement synthetic data
that are generated from numerical solutions to the prob-
lems. As part of the validation process and consideration
of any limitations of the approach, the amount of displace-
ment data required to produce robust traction-separation
relations is deliberated. The traction-separation relation-
ships extracted via the DGI neural network developed here
agree very well with the results obtained via a direct ex-
traction approach.
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MS32

Entropy-Diminishing Reduced Basis Method for
Cross-Diffusion Systems

In this work, we construct a reduced model for the reso-
lution of a cross-diffusion system modelling the Physical
Vapor Deposition (PVD) process within the fabrication
of solar cells. Our cross diffusion system is a system of
parametric nonlinear degenerated parabolic partial differ-
ential equations whose numerical resolution is nontrivial.
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We employ the cell-centered finite volume method for the
space discretization and the backward Euler scheme for the
time discretization. To reduce the computational cost of
the numerical resolution, we construct an efficient reduced
model that approximates accurately the solution of our
cross-diffusion problem. Furthermore, we prove that the
generated reduced model respects the mathematical prop-
erties of the continuous solution, namely, the mass conser-
vation, the positivity of the solution, the preservation of
the volume filling constraint, and the decay of entropy. In
the numerical experiments we test our strategy and confirm
the strength of our approach.
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MS32

Nonlinear Model Order Reduction Using Geodesic
Shooting in the Diffeomorphism Group

Parametrized hyperbolic conservation laws constitute a dif-
ficult task for classical model order reduction techniques.
The solution manifold of advection dominated equations
is typically highly nonlinear, and therefore, linear model
order reduction methods are incapable of creating appro-
priate reduced order models. We propose a new approach
for nonlinear model order reduction for this class of prob-
lems. The method is based on a diffeomorphic deforma-
tion of the considered space-time domain and deploys ideas
from image analysis. By considering space-time solutions,
shock formation or shock interaction are already incorpo-
rated in the solution snapshots. To obtain an efficient on-
line algorithm, we represent elements from the Lie group
of diffeomorphisms by elements of the Lie algebra of vec-
tor fields via the exponential map. In the Hilbert space of
vector fields we can apply well-known model order reduc-
tion techniques to obtain a reduced subspace. Numerical
experiments suggest that suitable linear reduced models in
the space of vector fields can be created. The diffeomor-
phisms are finally deployed to transform reference solution
snapshots.
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MS32

Nonlinear Model Reduction for Wildland Fire Sim-
ulation

In this talk, we present a new hyperreduction scheme
for a recently proposed nonlinear model order reduction
(MOR) technique which is based on dynamically trans-
formed ansatz functions. In contrast to standard model
reduction methods based on linear subspaces, the consid-

ered nonlinear MOR scheme allows for an effective reduc-
tion even when applied to transport-dominated systems
involving the propagation of sharp fronts. The transfor-
mations applied to the modes are parameterized by time-
dependent path variables which are themselves unknowns
of the reduced-order model (ROM). In the case that the
full-order model (FOM) is linear, the ROM contains state-
dependent coefficient matrices whose efficient offline/online
decomposition is addressed. For the case of a nonlinear
FOM, we extend the idea of the (discrete) empirical inter-
polation method by using dynamically transformed ansatz
functions for the nonlinearity and we demonstrate how to
achieve an efficient offline/online decomposition. Finally,
we discuss the application of the new method to a non-
linear parameter-dependent model for the propagation of
combustion waves in the context of wildland fire simula-
tion.
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MS33

Bi-Fidelity Training of Neural Networks Using �1-
Regularization

Neural networks have recently been at the forefront of sci-
entific machine learning (SciML) research as they are ca-
pable of accurately representing a functional relationship
between inputs and a quantity of interest. However, these
networks often require a large dataset during training to
prevent overfitting. For engineering systems, we often have
multiple models to describe the behavior. Some of these
models, known as high-fidelity, are capable of describing
the behavior with higher levels of accuracy, but in gen-
eral, are expensive to simulate. On the other hand, inex-
pensive models, known as low-fidelity, often produce inac-
curate predictions. In this study, sparsity promoting �1-
regularization is utilized to train neural networks in the
presence of a small training dataset from a high-fidelity
model. Two variants of �1-regularization are used, which
inform the neural network with parameters from an identi-
cal network trained using data from low-fidelity models of
the problem leading to a generalization of transfer learn-
ing of neural networks. Numerical examples demonstrate
that the bi-fidelity �1-regularization methods are capable
of producing errors one order of magnitude smaller than er-
rors from the networks trained only using the high-fidelity
dataset.
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MS33

Multifidelity Active Learning for the Failure Anal-
ysis of Triso Nuclear Fuel

The TRISO nuclear fuel is a robust fuel which has been
proposed to be used in several advanced reactor concepts
such as microreactors. Given the importance of prevent-
ing fission products release from the nuclear fuel, accurate
high-fidelity simulations of TRISO models are required for
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understanding its failure behavior. However, not only is
the computational model of TRISO expensive, but also,
its fuel parameters can be uncertain, requiring a statisti-
cal characterization of failure. To accelerate the statistical
failure analysis of TRISO, we use a multifidelity modeling
strategy with active learning. Specifically, we replace the
expensive TRISOmodel with a low-fidelity model and train
a Gaussian Process to learn when a call to the expensive
model is required during the statistical failure analysis. We
explore different options for the low-fidelity model which
include data-driven and physics-based models. Overall,
across several TRISOmodels, the multifidelity active learn-
ing algorithm accurately predicts their failure probabilities
irrespective of the choice of the low-fidelity model. How-
ever, we noticed that there are differences in the number of
times the high-fidelity model is called depending upon the
quality of the low-fidelity model. The algorithm also accu-
rately characterizes the probability distributions of TRISO
fuel parameters that are most likely to cause its failure.
This information is important for the optimal fuel design
and fabrication.
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MS33

Exploration of Multifidelity UQ Methods for
Monte Carlo Radiation Applications in Stochastic
Media

Stochastically mixed media are present in several radia-
tion transport (RT) problems, including inertial confine-
ment fusion, boiling water reactors and atmospheric trans-
port. Stochastic mixing (SM) directly impacts the possi-
bility to perform accurate RT computations, at a reduced
computational cost, by requiring ensembles realizations for
the media. Moreover, uncertainty quantification (UQ) is
also required for evaluating statistics of the quantities of
interest in the presence of sources of uncertainty such as
the relative abundance of materials or the distributions of
material chunk sizes. Consequently, reliable and accurate
UQ for RT problems, in the presence of SM, can easily
become computationally intractable. In this contribution,
we plan to investigate the use of multifidelity UQ (MF)
strategies to reduce the computational burden associated
to these analyses. The idea of MF UQ is to efficiently fuse
the information from a large number of low-fidelity com-
putations with an handful of high-fidelity runs. In this
context, however, classical MF UQ cannot be efficiently
deployed without also considering how to treat the ensem-
ble computations, associated to the SM, to maximize the
amount of correlation between models. We will focus on
MF UQ strategies based on RT models defined on both
the quality of the numerics and the complexity of the SM
approximations. Several numerical test cases will be pre-
sented and discussed to compare MF UQ against relevant

single-fidelity approaches
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MS33

Multifidelity Data Fusion in Convolutional En-
coder/Decoder Networks

Although an accurate high-fidelity prediction is desired,
there is often insufficient high-fidelity data for data-driven
methods. Capturing and leveraging the relationship be-
tween low-fidelity and high-fidelity models can enable an ef-
ficient training of these methods in a restricted data regime.
In this work, we focus on convolutional neural networks to
predict and quantify uncertainty from a multifidelity data
ensemble. In addition to its spatial awareness, these net-
works have the advantage of applying the same parame-
ters over a large space, limiting the number of parame-
ters required to learn patterns in high-dimensional data as
compared to a fully-connected network. Specifically, we
use networks assembled from encoders, decoders and skip
connections, allowing us the capacity to operate in data
regimes where the dimensionality of the input and output
varies, implying staggered encoder/decoders, and where it
remains the same, implying symmetric encoder and de-
coder components. We also embed the network with drop-
block layers to quantify the uncertainty as a Monte Carlo
estimator and investigate the factors responsible for the
amount of variability generated in the network output. We
demonstrate our networks predictive capacity for several
verification functions and problems derived from solutions
to partial differential equations.
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MS34

Efficient Marginalization-Based Mcmc Methods for
Hierarchical Bayesian Inverse Problems

Hierarchical models in Bayesian inverse problems are char-
acterized by an assumed prior probability distribution for
the unknown state and measurement error precision, and
hyper-priors for the prior parameters. Combining these
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probability models using Bayes’ law often yields a posterior
distribution that cannot be sampled from directly, even for
a linear model with Gaussian measurement error and Gaus-
sian prior, both of which we assume in this paper. In such
cases, Gibbs sampling can be used to sample from the pos-
terior, but problems arise when the dimension of the state
is large. This is because the Gaussian sample required for
each iteration can be prohibitively expensive to compute,
and because the statistical efficiency of the Markov chain
degrades as the dimension of the state increases. The lat-
ter problem can be mitigated using marginalization-based
techniques, but these can be computationally prohibitive
as well. In this paper, we combine the low-rank techniques
of Brown, Saibaba, and Vallelian (2018) with the marginal-
ization approach of Rue and Held (2005). We consider two
variants of this approach: delayed acceptance and pseu-
domarginalization. We provide a detailed analysis of the
acceptance rates and computational costs associated with
our proposed algorithms and compare their performances
on two numerical test cases - image deblurring and inverse
heat equation.
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MS34

Sparsity Through Hyperpriors: Solutions and Un-
certainty Quantification

The search for a sparse solution of an inverse problems is
naturally suited for the Bayesian framework, where spar-
sity, regarded as an a priori belief about the solution, can be
characterized in the definition of the prior. This talk will
address how different levels of sparsity can be promoted
through computationally feasible hierarchical priors, and
it will discuss how to account for both the sensitivity of
the solution entries to the measurements and for the sig-
nal to noise ratio. Computed examples will illustrate the
computational efficiency of the resulting inverse solver.
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MS34

Bayesian Inverse Problems with Horseshoe Priors
for Edge-Preserving Inferences

In many large-scale inverse problems, such as computed

tomography and image deblurring, characterization of
sharp edges in the unknown solution is a desired at-
tribute. Within the Bayesian approach to inverse prob-
lems, edge-preservation is oftentimes achieved using heavy-
tailed Markov random field priors. Another strategy, pop-
ular in the statistical community, is the application of
so-called shrinkage or sparsity-promoting priors. An ad-
vantage of this formulation lies in expressing the prior
as a Gaussian distribution, depending of global and local
variance hyperparameters which are endowed with heavy-
tailed hyperpriors. In this talk, we revisit the shrinkage
horseshoe prior and we discuss a simulation framework to
solve the resulting hierarchical Bayesian inverse problem.
Our formulation uses a Gibbs sampler, where the Gaus-
sian conditional is sampled efficiently with an optimization
algorithm, while the heavy-tailed conditionals are simu-
lated with the NUTS variant of the Hamiltonian Monte
Carlo method. Our numerical procedure is able to esti-
mate the solution in an efficient manner while achieving
edge-preservation. A simple deconvolution model is used
to illustrate the approach.
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MS35

Multilevel Representations of Isotropic Gaussian
Random Fields on the Sphere

Representation of random fields on hypersurfaces is impor-
tant in many applications such as (cell) biology, climatol-
ogy and astrophysics. We will construct series expansion
of isotropic Gaussian random field on a sphere with inde-
pendent Gaussian coefficients and localized basis functions.
The basis functions are obtained by applying the square
root of the covariance operator to spherical needlets. The
localization property is especially useful in adaptive algo-
rithms. In addition, we will present numerical illustrations
and an application to random elliptic PDEs on the sphere.
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MS35

A Higher Order Perturbation Approach for Elec-
tromagnetic Scattering Problems on Random Do-
mains

We consider time-harmonic electromagnetic scattering
problems on perfectly conducting scatterers with uncer-
tain shape. Thus, the scattered field will also be uncertain.
Based on the knowledge of the two-point correlation of the
domain boundary variations around a reference domain, we
derive a perturbation analysis for the mean of the scattered
field. Therefore, we compute the second shape derivative
of the scattering problem for a single perturbation. Tak-
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ing the mean, this leads to an at least third order accurate
approximation with respect to the perturbation amplitude
of the domain variations. To compute the required sec-
ond order correction term, a tensor product equation on
the domain boundary has to be solved. We discuss its dis-
cretization and efficient solution using boundary integral
equations. Numerical experiments in three dimensions are
presented.

Jürgen Dölz
University of Bonn
doelz@ins.uni-bonn.de

MS35

Population-based Image Segmentation and Shape
Regression

In medical image analysis, population-based shape anal-
ysis allows us to distinguish disease groups from normal
controls. To achieve this, extracting regions of interest,
i.e., shapes, from medical images, and estimating the re-
lationship between shapes and their associated variables,
e.g., age, are the two fundamental tasks to address. How-
ever, we are suffering from limited data and labels, as well
as lacking efficient algorithms for performing shape regres-
sion and uncertainty quantification. In this talk, I will
present our recent works on these topics, and demonstrate
their effectiveness in studying brain disease.
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MS35

Lesa: Longitudinal Elastic Shape Analysis of Brain
Subcortical Structures

Over the past 30 years, magnetic resonance imaging has
become a ubiquitous tool for accurately visualizing the
change and development of the brain subcortical structures
(e.g., hippocampus) across time and group. Although sub-
cortical structures act as information hubs of the nervous
system, their quantification is still in its infancy due to
challenges in shape extraction, representation, and mod-
eling. Here, we develop a simple and efficient framework
for longitudinal elastic shape analysis (LESA) of subcor-
tical structures. In LESA, subcortical structures are seg-
mented, extracted, and represented as parameterized 3-
dimensional (3D) surfaces. Integrating ideas from elastic
shape analysis of static surfaces, principal component anal-
ysis (PCA) of shapes, and statistical modeling of sparse
longitudinal data, LESA provides a unique toolbox for sys-
tematically quantifying the development and changes of
longitudinal subcortical surface shapes. The key novelties
of LESA include: (i) it can efficiently capture complex sub-
cortical structures using a small number of basis functions
and (ii) it can accurately predict the spatiotemporal shape
changes of the human subcortical structures. We applied
LESA to analyze three longitudinal neuroimaging data sets
and showcase its wide applications in estimating continu-
ous shape trajectories, building life-span growth patterns,
and comparing shape differences among different groups.
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MS36

Bayesian Excursions in the Treatment of Model Er-
ror

Advances in observational and computational assets have
led to revolutions in the range and quality of results in
many science and engineering settings. However, needs
for treating model errors and assessing their impacts have
kept pace with those advances. In this manuscript, we dis-
cuss a general Bayesian strategy to incorporate and assess
model error in complex, physical-statistical models. We
distinguish between two classes of models: (i) sufficiently
manageable models which allow for a model error process
to be incorporated into the dynamics of the field of inter-
est and (ii) very high-dimensional settings where computer
model output is treated as biased data. In each case, we il-
lustrate the benefits of accounting for model error through
an oceanographic example.

Radu Herbei
The Ohio State University
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MS36

Bayesian Spanning Treed Gaussian Process for
High-Dimensional Output Simulators and Its Ex-
tensions

Motivated by a real-life application of a Storm Surge sim-
ulator with high-dimensional outputs, we propose a new
Bayesian emulator called Bayesian Spanning treed Gaus-
sian process suitable to analyze computer models with non-
stationary massive outputs in the input domain. Central
to the design of the Bayesian model is the idea of cou-
pling Bayesian spanning tree algorithms with parallel par-
tial Gaussian process regression model. The proposed ap-
proach is further extended to the co-kriging setting en-
abling the analysis of multi-fidelity computer models with
non-stationary outputs. Given certain assumptions on the
Bayesian model, we introduce a suitable stochastic mech-
anism that facilitates predictions in a principal manner.
The good performance of our method is demonstrated in
a benchmark example, while our method is used for the
analysis of a surge simulator in the multi-fidelity setting.
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MS36

Computationally Efficient Statistical Emulators for
Complex Forward Models in Remote Sensing: An
Application to the Oco-2 Mission

Observing system uncertainty experiments (OSUEs) have
been recently proposed as a cost-effective way to perform
probabilistic assessment of retrievals for NASAs Orbiting
Carbon Observatory-2 (OCO-2) mission. One important
component in the OCO-2 retrieval algorithm is a full-
physics forward model that describes the mathematical re-
lationship between atmospheric variables such as carbon
dioxide and radiances measured by the remote sensing in-
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strument. This complex forward model is computationally
expensive but large-scale OSUEs require evaluation of this
model numerous times, which makes it infeasible for com-
prehensive experiments. To tackle this issue, we develop a
statistical emulator to facilitate large-scale OSUEs in the
OCO-2 mission with independent emulation. The proposed
emulator reduces dimensionality in the input space and ex-
plores a full scale approximation for the output space. The
full scale approximation for the output space accounts both
the large and small scale variation in a lower space input
dimension. Within this approximation model, we develop
a computationally efficient Bayesian inference framework.
We also explore different strategies for the input dimension
reduction.
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MS36

Auto-Differentiable Ensemble Kalman Filters

Data assimilation is concerned with sequentially estimat-
ing a temporally-evolving state. This task, which arises in
a wide range of scientific and engineering applications, is
particularly challenging when the state is high-dimensional
and the state-space dynamics are unknown. In this talk
we will introduce a machine learning framework for learn-
ing dynamical systems in data assimilation. Our auto-
differentiable ensemble Kalman filters (AD-EnKFs) blend
ensemble Kalman filters for state recovery with machine
learning tools for learning the dynamics. In doing so,
AD-EnKFs leverage the ability of ensemble Kalman fil-
ters to scale to high-dimensional states and the power of
automatic differentiation to train high-dimensional surro-
gate models for the dynamics. Numerical results using the
Lorenz-96 model show that AD-EnKFs outperform exist-
ing methods that use expectation-maximization or particle
filters to merge data assimilation and machine learning. In
addition, AD-EnKFs are easy to implement and require
minimal tuning.
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MS37

Uncertainty Quantification for Stochastic Neural
Networks

Abstract: Uncertainty quantification of deep neural net-
works (DNN) is a critical issue in deep learning. In our UQ
for DNN framework, the DNN architecture is the neural or-
dinary differential equations (Neural-ODE), which formu-
lates the evolution of potentially huge hidden layers in the
DNN as a discretized ordinary differential equation (ODE)
system. To characterize the randomness caused by the un-
certainty of models and noises of data, we add a multi-
plicative Brownian motion noise to the ODE as a stochas-

tic diffusion term, which changes the ODE to a stochastic
differential equation (SDE). The deterministic DNN be-
comes a stochastic neural network (SNN). In the SNN, the
drift parameters serve as the prediction of the network, and
the stochastic diffusion governs the randomness of network
output, which helps quantify the epistemic uncertainty of
deep learning. I will present results on convergence as well
as numerical experiments.
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MS37

Ultrafast data reduction at the extreme edge for
particle physics and beyond

We discuss applications and opportunities for the real-time,
low-latency data reduction using machine learning in em-
bedded systems. This talk will focus on particle physics
examples spanning application spaces from front-end data
compression to real-time feature extraction for data filter-
ing to experimental control in systems with FPGAs and
ASICs with algorithm latencies as low as 25 nanoseconds.
We will review essential methods for designing, optimizing,
and validating algorithms in hardware and emerging tool
flows to accelerate algorithm development. We will also
discuss first explorations into the robustness and general-
izability of such techniques.
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MS37

Quantifying Uncertainty in E3SM via Functional
Tensor Network Approximations

The predictive performance of the Energy Exascale Earth
System Model (E3SM) is challenged by the modeling
choices for a large ensemble of physical processes. This
results in a large number of uncertain parameters and com-
putationally expensive numerical simulations which makes
both forward and inverse uncertainty quantification stud-
ies difficult. To overcome these challenges, we will focus
on constructing surrogate models that exploit the model
structure via low-rank functional tensor networks approxi-
mations. We will approximate the components of the large
scale model with functional forms tailored to the model
behavior. We will then cast the training of the functional
tensor network model in a Bayesian framework and use a
Stein variational inference approach to construct a proba-
bilistic model that approximates the discrepancy between
the surrogate and the original model predictions. We will
focus on the land model component of E3SM and present
results pertaining to global sensitivity analysis and model
calibration at a regional scale.

Cosmin Safta
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MS37

Empirical Bayesian Inference Using a Support In-
formed Sparse Prior

We develop a new empirical Bayesian inference algorithm
for solving a linear inverse problem given multiple mea-
surement vectors (MMV) of under-sampled and noisy ob-
servable data. Specifically, by exploiting the joint sparsity
across the multiple measurements in the sparse domain of
the underlying signal or image, we construct a new support
informed sparsity promoting prior. While a variety of ap-
plications can be modeled using this framework, in this talk
we discuss classification and target recognition from syn-
thetic aperture radar (SAR) data which are acquired from
neighboring aperture windows. Our numerical experiments
demonstrate that using this new prior not only improves
accuracy of the recovery, but also reduces the uncertainty
in the posterior when compared to standard sparsity pro-
ducing priors. We also discuss how our method can be used
to combine and register different types of data acquisition.
This is joint work with Theresa Scarnati formerly of the Air
Force Research Lab Wright Patterson and now working at
Qualis Corporation in Huntsville, AL, and Jack Zhang, re-
cent bachelor degree recipient at Dartmouth College and
now enrolled at University of Minnesotas PhD program in
mathematics.

Theresa A. Scarnati
Air Force Research Laboratory
tscarnati24@gmail.com

Anne Gelb
Dartmouth College
Department of Mathematics
annegelb@math.dartmouth.edu

MS38

Uncertainty Quantification and Correctability for
Directed Graphical Models and Applications in
Materials Design

In this talk, we focus on directed graphical models as
they allow us to integrate in a natural way expert knowl-
edge, physical modeling, heterogeneous and correlated data
and quantities of interest (QoI). For exactly this rea-
son, multiple sources of model uncertainty are inherent
within the modular structure of the graphical model. We
present information-theoretic, robust uncertainty quantifi-
cation methods and non-parametric stress tests for directed
graphical models to assess the effect and the propagation
through the graph of multi-sourced model uncertainties to
QoIs. We use these methods to rank the different sources
of uncertainty and provide a mathematically rigorous ap-
proach to correctability that guarantees a systematic selec-
tion for improvement of the most under-performing com-
ponents of a graphical model while controlling potential
new errors created in the process in other parts of the
model. We demonstrate these methods in Bayesian net-
works built for trustworthy prediction of materials screen-
ing to increase the efficiency of chemical reactions in catal-
ysis. Based on the Sabatier’s principle, the optimal oxygen
binding energy has to be our QoI while a Bayesian net-
work is built from expert knowledge (volcano curves), as
well as various available experimental and computational
data and their correlations or conditional independence.
We quantify its model uncertainties, we rank their impact

from least to most influential, and we correct the most
under-performing ones.
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MS38

Rons: Reduced-Order Nonlinear Solutions for
Pdes with Conserved Quantities

Reduced-order models where the solution is assumed as
a linear combination of prescribed modes are rooted in
a well-developed theory. However, more general models
where the reduced solutions depend nonlinearly on time-
dependent variables have thus far been derived in an ad
hoc manner. Here, we introduce Reduced-order Nonlin-
ear Solutions (RONS): a unified framework for deriving
reduced-order models that depend nonlinearly on a set of
time-dependent variables. The set of all possible reduced-
order solutions are viewed as a manifold immersed in the
function space of the PDE. The parameters are evolved
such that the instantaneous discrepancy between reduced
dynamics and the full PDE dynamics is minimized. In
the special case of linear parameter dependence, our re-
duced equations coincide with the standard Galerkin pro-
jection. Furthermore, any number of conserved quantities
of the PDE can readily be enforced in our framework. Since
RONS does not assume an underlying variational formula-
tion for the PDE, it is applicable to a broad class of prob-
lems, and in particular fluid dynamics. We demonstrate
the efficacy of RONS on three fluid flows: an advection-
diffusion equation, the propagation of surface waves, and
vortex dynamics in ideal fluids.
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MS38

Dynamical Low Rank Approximation for High-
Dimensional Data Assimilation

In this talk we present our recent advances in the topic
of efficient data assimilation involving large-dimensional
chaotic random dynamical systems, where non-Guassian
features are captured via the Dynamical low rank approxi-
mation (DLRA). DLRA, also called Dynamically orthogo-
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nal (DO) approximation can be viewed as a reduced basis
method, thus solvable at a relatively low computational
cost, in which the solution is expanded as a linear com-
bination of few well chosen deterministic functions with
random coefficients. The peculiarity of the DLR method
is that the spatial basis is computed on the fly and is free
to evolve in time, thus adjusting at each time to the cur-
rent structure of the random solution. First, we consider
the signal to be approximated by a simple DLR method
in the forecast step and examine various techniques of per-
forming the analysis step in the DLR subspace. Then, we
present two possibilities of enriching the DLR solution with
a Gaussian approximation evolving in the remaining part
of the phase space, and discuss how to perform the analysis
step which eventually results in an updated DLR subspace.
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MS38

Statistical Reduced-Order Models and Machine
Learning-Based Closure Strategies for Turbulent
Dynamical Systems

The capability of using imperfect statistical reduced-order
models to capture crucial statistics in complex turbulent
systems is investigated. Much simpler and more tractable
block-diagonal models are proposed to approximate the
complex and high-dimensional turbulent dynamical equa-
tions using both parameterization and machine learning
strategies. A systematic framework of correcting model er-
rors with empirical information theory is introduced, and
optimal model parameters under this unbiased information
measure can be achieved in a training phase before the pre-
diction. It is demonstrated that crucial principal statisti-
cal quantities in the most important large scales can be
captured efficiently with accuracy using the reduced-order
model in various dynamical regimes of the flow field with
distinct statistical structures. In addition, new machine
learning strategies are proposed to learn the expensive un-
resolved processes directly from data.
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MS39

Multi-Objective Bayesian Optimization over High-
Dimensional Search Spaces

The ability to optimize multiple competing objective func-
tions with high sample efficiency is imperative in many ap-
plied problems across science and industry. Multi-objective
Bayesian optimization (BO) achieves strong empirical per-
formance on such problems, but even with recent method-
ological advances, it has been restricted to simple, low-
dimensional domains. Most existing BO methods exhibit
poor performance on search spaces with more than a few
dozen parameters. In this work we propose MORBO,
a method for multi-objective Bayesian optimization over
high-dimensional search spaces. MORBO performs local
Bayesian optimization within multiple trust regions simul-
taneously, allowing it to explore and identify diverse so-
lutions even when the objective functions are difficult to
model globally. We show that MORBO significantly ad-
vances the state-of-the-art in sample-efficiency for several
high-dimensional synthetic and real-world multi-objective
problems, including a vehicle design problem with 222 pa-
rameters, demonstrating that MORBO is a practical ap-
proach for challenging and important problems that were
previously out of reach for BO methods.
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MS39

Leveraging Replication in Sequential Design Tasks

An increasing number of time-consuming simulators ex-
hibit a complex noise structure that depends on the in-
puts. Advances in Gaussian process modeling with input-
dependent noise, especially via replication (iid repetitions
of the same experiment), allow efficient modeling with bet-
ter uncertainty quantification on the predictions. We fo-
cus here on strategies for balancing replication and explo-
ration for various sequential design goals, possibly in paral-
lel batches. These goals include global model accuracy, op-
timization, contour finding and dimension reduction, thus
motivating further approaches detailed along this sympo-
sium. Illustration on synthetic examples are provided as
well as a large scale massively parallel real world epidemi-
ology problem.

Mickael Binois
INRIA
mickael.binois@inria.fr

MS39

Combining Calibrated Simulator with Observa-
tions to Infer Photometric Redshift

We are interested in obtaining a full probabilistic descrip-
tion of the redshift for cosmological objects based on pho-
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tometric surveys. However, such surveys are limited and
do not span the entire color spectrum which creates gaps
in the input space for any statistical model to effectively
reproduce the entire response surface. To overcome this
challenge, the problem of redshift estimation is posed as
an inverse problem where the observed photometric sur-
veys are augmented with a simulation that, when cali-
brated, fills in the gaps in the prior training data and aids
in quantifying the uncertainty in redshift estimation. We
will discuss the emulation and calibration of this function
input–function output simulator and how such simulation
augmentation technique improves uncertainty quantifica-
tion in photometric redshift estimation.
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Scalable High-Dimensional Bayesian Optimization

Bayesian optimization has become a powerful method for
the sample-efficient optimization of expensive black-box
functions. These functions do not have a closed-form and
are evaluated for example by running a complex economic
simulation, by an experiment in the lab or in a market,
or by a CFD simulation. Usecases arise in machine learn-
ing, e.g., when tuning the configuration of an ML model or
when optimizing a reinforcement learning policy. Of par-
ticular interest are high-dimensional constrained settings,
where we are looking for a solution that satisfies inequality
constraints of the form c(x) ¡= 0 and is globally optimal for
the objective function among all feasible solutions. These
problems are difficult for current approaches due to the
curses of dimensionality, the heterogeneity of the underly-
ing functions, and the often small and non-convex sets of
feasible points. Due to the lack of sample efficient meth-
ods, practitioners usually fall back to evolutionary strate-
gies or heuristics. In this talk I will start with a brief
introduction to Bayesian optimization and then present
scalable Bayesian optimization algorithms that address the
above challenges via local surrogates and sampling strate-
gies. Moreover, I will show comprehensive experimental re-
sults that demonstrate that the proposed methods achieve
excellent results and outperform the state-of-the-art meth-
ods.
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MS40

Informative Path Planning for Anomaly Detection
in Environment Exploration and Monitoring

An unmanned autonomous vehicle (UAV) is sent on a mis-
sion to explore and reconstruct an unknown environment
from a series of measurements collected by Bayesian op-
timization. The success of the mission is judged by the
UAVs ability to faithfully reconstruct any anomalous fea-
tures present in the environment, with emphasis on the
extremes (e.g., extreme topographic depressions or abnor-
mal chemical concentrations). We show that the crite-
ria commonly used for determining which locations the
UAV should visit are ill-suited for this task. We introduce
a number of novel criteria that guide the UAV towards
regions of strong anomalies by leveraging previously col-
lected information in a mathematically elegant and compu-
tationally tractable manner. We demonstrate superiority

of the proposed approach in several applications, includ-
ing reconstruction of seafloor topography from real-world
bathymetry data, as well as tracking of dynamic anoma-
lies. A particularly attractive property of our approach is
its ability to overcome adversarial conditions, that is, sit-
uations in which prior beliefs about the locations of the
extremes are imprecise or erroneous.
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MS40

Surrogate-Based Sequential Bayesian Experimen-
tal Design Using Non-Stationary Gaussian Pro-
cesses

Inferring arbitrary quantities of interest (QoI) using limited
computational or, in realistic scenarios, financial budgets,
is a challenging problem that requires sophisticated strate-
gies for the optimal allocation of the available resources.
Bayesian optimal experimental design identifies the opti-
mal set of design locations for the purpose of solving a
parameter inference problem and the optimality criterion
is typically associated with maximizing the worth of in-
formation in the experimental measurements. Sequential
design strategies further identify the optimal design in a
sequential manner, starting from a initial budget and itera-
tively selecting new optimal points until either an accuracy
threshold is reached, or a cost limit is exceeded. In this pa-
per, we present a generic sequential Bayesian experimental
design framework that relies on maximizing an informa-
tion theoretic design criterion, namely the Expected Infor-
mation Gain, in order to infer QoIs formed as nonlinear
operators acting on black-box functions. Our framework
relies on modeling the underlying response function using
non-stationary Gaussian Processes, thus enabling efficient
sampling from the QoI in order to provide Monte Carlo
estimators for the design criterion. We demonstrate the
performance of our method on an engineering problem of
steel wire manufacturing and compare it with two classic
approaches: uncertainty sampling and expected improve-
ment.
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MS40

Data-Efficient, Adaptive Learning in Optimization
under Uncertainty: Applications in Materials’ De-
sign

A fully integrated approach to the design and optimiza-
tion of novel materials requires modeling the entire process-
structure-property chain in a manner that accounts for the
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multitude of uncertainties that are present. This gives rise
to a stochastic inversion problem, as optimality can only
be defined in terms of an appropriate expectation. While
the complexity and cost of the structure-property map im-
plies that one has to resort to data-driven surrogates, this
in itself poses a considerable challenge; changes in process
parameters can cause radical changes in the resulting mi-
crostructures and invalidate surrogates dependent on rep-
resentative training data. To overcome this bottleneck we
propose a data-efficient, adaptive learning strategy cou-
pled with an Expectation-Maximization algorithm in or-
der to drive the stochastic inversion problem. An acqui-
sition function based on the design objective scores can-
didate microstructures according to their ability to inform
and further guide the material design towards optimality,
i.e. additional, informative microstructures and their ef-
fective physical properties are identified and constructed
on the fly. We demonstrate for two-phase binary random
media the adaptive data-refinement of a surrogate based
on a convolutional neural network, and illustrate not only
the ability to successfully perform the stochastic inversion
of the entire process-structure-property chain, but also to
considerably mitigate the dependence on expensive data.
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MS41

Adaptive Tikhonov Strategies for Stochastic En-
semble Kalman Inversion

Ensemble Kalman inversion (EKI) is a derivative-free op-
timizer aimed at solving inverse problems, taking motiva-
tion from the celebrated ensemble Kalman filter. The pur-
pose of this article is to consider the introduction of adap-
tive Tikhonov strategies for EKI. This work builds upon
Tikhonov EKI (TEKI) which was proposed for a fixed reg-
ularization constant. By adaptively learning the regular-
ization parameter, this procedure is known to improve the
recovery of the underlying unknown. For the analysis, we
consider a continuous-time setting where we extend known
results such as well-posdeness and convergence of various
loss functions, but with the addition of noisy observations.
Furthermore, we allow a time-varying noise and regulariza-
tion covariance in our presented convergence result. In turn
we present three adaptive regularization schemes, which
are highlighted from both the deterministic and Bayesian
approaches for inverse problems, which include bilevel op-
timization, the MAP formulation and covariance learning.
We numerically test these schemes and the theory on lin-
ear and nonlinear partial differential equations, where they
outperform the non-adaptive TEKI and EKI.
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MS41

Mean-Field Approximations to Filtering and In-
verse Problems

Recently, renewed interest in classical methods for filter-
ing has been observed using tools from kinetic theory. In
particular, we will present results on the ensemble Kalman
filter (EnKF) in application towards inverse problems and
Bayesian inversion. Using meanfield approximation we
study convergence and stability of the filtering method and
develop a novel modified and unconditionally stable ver-
sion of the EnKF. Numerical results and comparison with
existing methods will be presented.
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On Unbiased Discretization for Discretized Models

In this work, we consider computing expectations w.r.t.
probability measures which are subject to discretization
error. Examples include partially observed diffusion pro-
cesses or inverse problems, where one may have to dis-
cretize time and/or space, in order to practically work with
the probability of interest. Given access only to these dis-
cretization, we consider the construction of unbiased Monte
Carlo estimators of expectations w.r.t. such target prob-
ability distributions. It is shown how to obtain such esti-
mators using a novel adaptation of randomization schemes
and Markov simulation methods. Under appropriate as-
sumptions, these estimators possess finite variance and fi-
nite expected cost. There are two important consequences
of this approach: (i) unbiased inference is achieved at the
canonical complexity rate, and (ii) the resulting estimators
can be generated independently, thereby allowing strong
scaling to arbitrarily many parallel processors. Several al-
gorithms are presented, and applied to Bayesian inverse
problems
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MS41

The Effects of Subsampling in Observation Space
on the Accuracy and Stability of Continuous
Square Root Filters

The family of Ensemble Square Root filters (ESRFs) is
very popular in many application areas as they are known
to be computationally feasible/robust and capable of signal
tracking even in nonlinear and high dimensional settings.
A large class of these discrete filters can, by taking a time
limit, be linked to a deterministic version of the Ensem-
ble Kalman Bucy filter (EnKBF). The long-time stabil-
ity and accuracy of this EnKBF has recently been inves-
tigated for an idealised setting, specifically the underlying
system is assumed to be fully observed. Here we study
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the properties of the continuous filter for subsampled data
(i.e., partial observations), orthogonal transformations and
misspecified parameters. Subsampling as well as orthog-
onal transformations have in practice been identified to
increase robustness. Analyzing these techniques in combi-
nation with filtering with respect to accuracy and stability
allows to gain key insights into properties of the EnKBF
and by extension into properties of the large family of ES-
RFs
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MS42

Multi-fidelity modeling of multi-scale porosity de-
fects in cast alloys

Cast alloys often contain heterogeneous pores that signif-
icantly affect alloy behavior in high-performance applica-
tions. To understand the cross-scale impact of microscale
porosity characteristics on the cast components macro-
mechanical properties, expensive multi-scale simulations
are typically required. In this talk, we will introduce a
multi-fidelity and multiscale framework to simulate the be-
havior of metallic components containing process-induced
pores. Major components of our approach include: (1)
a porosity-oriented 3D microstructure reconstruction al-
gorithm which mimics the materials local heterogeneity,
(2) a novel mechanistic reduced-order model which signif-
icantly reduces computational costs by projecting solution
variables into a lower dimensional space where the mate-
rials elasto-plastic behaviors are approximated, and (3) a
novel multi-fidelity method based on latent-map Gaussian
processes that streamline assimilating any number of data
sources with variable fidelity level.
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MS42

Efficient Bayesian Inference Approaches for Matrix
and Tensor Learning: Applications to Surrogate
Modeling of Complex Systems

Matrix/tensor completion is the problem of recovering a
matrix or tensor from a fraction of its entries. It is a clas-
sical problem with many practical applications, such as de-
signing recommender systems and predicting drug-protein
interactions. Additionally, in the context of data-driven
modeling, we can also pose the exploration of discretized
parameter spaces as matrix/tensor completion problems.
The development of Bayesian inference models based on
low-rank factorizations is an active research area. These
probabilistic approaches provide robust uncertainty esti-
mates on the recovered matrix entries, which is a major
advantage over classical optimization-based approaches. A
standard strategy in the literature is to assign zero-mean
Gaussian priors on the columns or rows of factor matrices
to create a conjugate system. This choice of prior leads
to simple implementations; however, it also causes symme-
tries in the posterior distribution that can severely reduce
the efficiency of Markov-chain Monte-Carlo (MCMC) sam-
pling approaches. In this talk, we propose simple modifi-

cations to the prior choice; these provably break the pos-
terior symmetries and maintain/improve the accuracy of
the predictions. Specifically, we provide conditions on the
prior parameters that break the posterior symmetries. For
example, we show that using non-zero linearly indepen-
dent prior means significantly reduces the autocorrelation
of MCMC samples, and can also lead to smaller reconstruc-
tion errors.
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MS42

Moopsnet: Learning Multiple-Output Operators
Defined on Product Spaces Simultaneously

Very recently, several approaches have been developed to
learn PDE solution operators by using neural networks
such as DeepONet and Fourier neural operator. DeepONet
has been used successfully in many applications, including
various explicit operators, such as integrals and fractional
Laplacians, as well as implicit operators that represent de-
terministic and stochastic differential equations. More gen-
erally, DeepONet can learn multiphysics and multiscale op-
erators spanning across many scales. However, these ap-
proaches only consider a single input function. Here, we
propose the first neural network that can learn multiple-
output operators defined on product spaces simultaneously.
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MS42

Bayesian Inverse Uncertainty Quantification of Nu-
clear Reactor Simulators

The Best Estimate plus Uncertainty (BEPU) approach for
nuclear systems modeling and simulation requires that the
prediction uncertainty must be quantified in order to prove
that the investigated design stays within acceptance crite-
ria. A rigorous Uncertainty Quantification (UQ) process
should simultaneously consider multiple sources of quantifi-
able uncertainties: (1) parameter uncertainty due to ran-
domness or lack of knowledge; (2) experimental uncertainty
due to measurement noise; (3) model uncertainty caused by
missing/incomplete physics and numerical approximation
errors, and (4) code uncertainty when surrogate models
are used. We performed Bayesian inverse UQ on a nu-
clear reactor thermal-hydraulics code, TRACE, based on
BFBT data. We also integrated results from inverse UQ
and quantitative validation to provide robust predictions so
that all these sources of uncertainties can be taken into con-
sideration. The quantitative validation metric is based on
Bayesian hypothesis testing. The resulting metric, called
the Bayes factor, is used to form weighting factors to com-
bine the prior and posterior knowledge of the parameter
uncertainties in a Bayesian model averaging process. In
this way, model predictions will be able to integrate the
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results from inverse UQ and validation to account for all
available sources of uncertainties.

Xu Wu, Ziyu Xie, Farah Alsafadi
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MS43

Simple, Low-Cost and Accurate Data-Driven Geo-
physical Forecasting with Learned Kernels

Modelling geophysical processes as low-dimensional dy-
namical systems and regressing their vector field from data
is a promising approach for learning emulators of such sys-
tems. We show that when the kernel of these emulators
is also learned from data (using kernel flows, a variant of
cross-validation), then the resulting data-driven models are
not only faster than equation-based models but are easier
to train than neural networks such as the long short-term
memory neural network. In addition, they are also more
accurate and predictive than the latter. When trained on
geophysical observational data, for example the weekly av-
eraged global sea-surface temperature, considerable gains
are also observed by the proposed technique in compari-
son with classical partial differential equation-based mod-
els in terms of forecast computational cost and accuracy.
When trained on publicly available re-analysis data for the
daily temperature of the North American continent, we
see significant improvements over classical baselines such
as climatology and persistence-based forecast techniques.
Although our experiments concern specific examples, the
proposed approach is general, and our results support the
viability of kernel methods (with learned kernels) for in-
terpretable and computationally efficient geophysical fore-
casting for a large diversity of processes.
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MS43

Learning Multiple-Output Operators Defined on
Product Spaces Simultaneously

Very recently, several approaches have been developed
to learn PDE solution operators by using neural net-
works such as deep operator networks (DeepONet) and
Fourier neural operator. DeepONet has been used suc-
cessfully in many applications, including various explicit
operators, such as integrals and fractional Laplacians,
as well as implicit operators that represent determinis-
tic and stochastic differential equations. More generally,
DeepONet can learn multiphysics and multiscale operators
spanning across many scales. However, these approaches
only consider a single input function. Here, we propose the
first neural network that can learn multiple-output opera-
tors defined on product spaces simultaneously.
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Operator Learning for Inverse Problems

In the present work, we develop a model to learn the
map from operators to functions. The model is employed
in the contexts of inverse problem for differential equa-
tions with unknown function coefficients. In particular, we
aim at learning the underlying map from the Dirichlet-to-
Neumann operator, defined for a wide collection of bound-
ary data, to the equation coefficient. The use of this model
is supported by rigorously proven statements demonstrat-
ing the uniqueness and well-posedness of such map. More-
over, we also apply the same idea in the context of physics
informed neural networks and present extensive numerical
experiments.
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MS43

PDE-constrained optimization via self-supervised
operator learning

Design and optimal control problems are among the fun-
damental, ubiquitous tasks we face in science and engi-
neering. In both cases, we aim to represent and optimize
an unknown (black-box) function that associates a perfor-
mance/outcome to a set of controllable variables through
an experiment. In cases where the experimental dynamics
can be described by partial differential equations (PDEs),
such problems can be mathematically translated into PDE-
constrained optimization tasks, which quickly become in-
tractable as the number of control variables and the cost
of experiments increases. In this work we leverage physics-
informed deep operator networks (DeepONets) – a self-
supervised framework for learning the solution operator
of parametric PDEs – to build fast and differentiable sur-
rogates for rapidly solving PDE-constrained optimization
problems, even in the absence of any paired input-output
training data. The effectiveness of the proposed framework
will be demonstrated across different applications involv-
ing continuous functions as control or design variables, in-
cluding time-dependent optimal control of heat transfer,
and drag minimization of obstacles in Stokes flow. In all
cases, we observe that DeepONets can minimize infinite
dimensional cost functionals in a matter of seconds, yield-
ing a significant speed up compared to traditional PDE-
constrained optimization approaches that employ adjoint
solvers to optimize over finite-dimensional state-spaces.
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Ice Sheet Uncertainty Quantification Via Product-
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Convolution Hessian Approximation

Quantifying the uncertainty in the basal sliding friction
field is critical for understanding antarctic ice sheet dynam-
ics. Existing methods for quantifying this uncertainty rely
on low rank approximation of the Hessian in the inverse
problem, but these methods are sub-optimal because the
rank of the Hessian is large. We present a new product-
convolution method for approximating the Hessian, and
show that our method can approximate the ice sheet Hes-
sian cheaply, despite the high rank.
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Estimating Parameters of the Nonlinear Cloud and
Rain Equation from a Large-Eddy Simulation

Predatorprey dynamics have been suggested as simplified
models of stratocumulus clouds, with rain acting as a
predator of the clouds. We describe a mathematical and
computational framework for estimating the parameters of
a simplified model from a large eddy simulation (LES). In
our method, we extract cycles of cloud growth and decay
from the LES and then search for parameters of the sim-
plified model that lead to similar cycles. We implement
our method via Markov chain Monte Carlo. Required er-
ror models are constructed based on variations of the LES
cloud cycles. This computational framework allows us to
test the robustness of our overall approach and various as-
sumptions, which is essential for the simplified model to
be useful. Our main conclusion is that it is indeed possi-
ble to calibrate a predatorprey model so that it becomes
a reliable, robust, but simplified representation of selected
aspects of a LES. In the future, such models may then
be used as a quantitative tool for investigating important
questions in cloud microphysics.
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Fast Methods for Bayesian Inverse Problems with
Uncertain Pde Forward Models with Application
to Ice Sheet Flow Inverse Problems

We consider the Bayesian inference of the uncertain basal
sliding coefficient field in the presence of uncertainty in the
thermal properties of a nonlinear Stokes ice sheet model.
To account for the associated model uncertainty (error),
we employ the Bayesian Approximation Error (BAE) ap-
proach to approximately premarginalize simultaneously
over both the noise in measurements and uncertainty in
the forward model. To reduce the computational cost, we
linearize the model discrepancy, which leads to an explicit
formula for the likelihood and use this approximation as a
control variate in combination with BAE. We carry out ap-
proximative posterior uncertainty quantification based on a
linearization of the parameter-to-observable map centered
at the maximum a posteriori (MAP) basal sliding coeffi-
cient estimate, i.e., by taking the Laplace approximation.
We study the performance of this hybrid BAE approach in
the context of an ice sheet inverse problem, where the basal
sliding coefficient field is the parameter of primary inter-
est, which we seek to infer, and the thermal properties of
the ice (that enter into the rheology) represent so-called
nuisance (secondary uncertain) parameters. The results
demonstrate both the need to account for model uncer-
tainty and the computational tractability of doing so.
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Using Uncertainty to Improve Predictability

One can improve predictions by exchanging interpretability
for predictability. Many machine learning techniques are
designed this way. We will show that uncertainties can, in
some cases, be used to improve predictions. The domain
of application is time dependent processes.
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Efficient Hyper-Reduced Data-Driven Nonlinear
Manifold Reduced Order Model

Traditional linear subspace reduced order models (LS-
ROMs) are able to accelerate physical simulations, in which
the intrinsic solution space falls into a subspace with a
small dimension, i.e., the solution space has a small Kol-
mogorov n-width. However, for physical phenomena not of
this type, such as advection-dominated flow phenomena, a
low-dimensional linear subspace poorly approximates the
solution. To address cases such as these, we have developed
an efficient nonlinear manifold ROM (NM-ROM), which
can better approximate high-fidelity model solutions with
a smaller latent space dimension than the LS-ROMs. Our
method takes advantage of the existing numerical methods
that are used to solve the corresponding full order mod-
els (FOMs). The efficiency is achieved by developing a
hyper-reduction technique in the context of the NM-ROM.
Numerical results show that neural networks can learn a
more efficient latent space representation on advection-
dominated data from 2D Burgers equations with a high
Reynolds number. A speed-up of up to 11.7 for 2D Burg-
ers equations is achieved with an appropriate treatment of
the nonlinear terms through a hyper-reduction technique.
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Stochastic approximation for nonlocal operators

In this talk, we will consider a new stochastic approxima-
tion framework for nonlocal operators via physics-informed
deep neural networks. We will demonstrate the efficiency
of the proposed method for solving forward and inverse
integro equations such as nonlocal Possion models.
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Manifold Learning for Forward and Inverse UQ in
High Dimensions

High-fidelity physics-based models often generate very
high-dimensional quantities of interest (QoIs) (e.g., spatio-
temporally varying material deformation or fluid flow). For
such models, the construction of a surrogate model be-
comes computationally intractable. To address this issue,
we introduce a manifold learning-based method for the con-
struction of surrogate models for complex stochastic sys-
tems. Our first objective is to identify the embedding of a
set of high-dimensional data representing quantities of in-
terest of the stochastic model. We employ Grassmannian
diffusion maps (GDMaps), a two-step non-linear dimen-
sion reduction technique which allows the reduction of data
dimensionality and the identification of meaningful inde-
pendent directions of the manifold on which the data live.
Non-intrusive polynomial chaos expansion is employed to
map stochastic input parameters and diffusion coordinates
of the reduced space by adaptively constructing the polyno-
mial base onto the non-linear manifold. Adaptive cluster-

ing in conjunction with geometric harmonics, is employed
to map newly generated realizations of latent features to
the ambient space which allows for the generation of highly
accurate out-of-sample predictions. We illustrate the pro-
posed framework and perform forward UQ on a system
of advection-diffusion-reaction equations modeling a first-
order chemical reaction between two species. An inverse
UQ problem is also investigated on a 2D steady-state heat
equation.
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Learning the G-Limits in Homogenization Prob-
lems Via Physics Informed Neural Network

Multiscale equations with a scale separation can be approx-
imated by the corresponding homogenized equations with
slowly varying homogenized coefficients (the G-limit). The
traditional homogenization techniques typically rely on the
periodicity of the multiscale coefficients, thus finding the
G-limits requires some other approaches in more general
settings. We consider the inverse problem of recovering
the G-limits from the (noisy) measurement of multiscale
solutions. In this work, we develop an efficient physics-
informed neural networks (PINNs) algorithm for the in-
verse problem when the multiscale coefficients are not nec-
essarily periodic or with a known form. We demonstrate
that our approach could produce desirable approximations
to the G-limits and, consequently, homogenized solutions.
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Entropy-Based Adaptive Design for Contour Find-
ing and Estimating Reliability

In reliability analysis, methods used to estimate failure
probability are often limited by the costs associated with
model evaluations. Many of these methods, such as multi-
fidelity importance sampling (MFIS), rely upon a compu-
tationally efficient, surrogate model like a Gaussian process
(GP) to quickly generate predictions. The quality of the
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GP fit, particularly in the vicinity of the failure region(s), is
instrumental in supplying accurately predicted failures for
such strategies. We introduce an entropy-based GP adap-
tive design that, when paired with MFIS, provides more
accurate failure probability estimates and with higher con-
fidence. We show that our greedy data acquisition strategy
better identifies multiple failure regions compared to exist-
ing contour-finding schemes. We then extend the method
to batch selection, without sacrificing accuracy. Illustra-
tive examples are provided on benchmark data as well as
an application to an impact damage simulator for National
Aeronautics and Space Administration (NASA) spacesuits.
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Scalable Bayesian Transport Maps for Computer-
Model Emulation and Data Assimilation

Output ensembles from computer models can be modeled
using multivariate probabilistic distributions. A multivari-
ate distribution can be described by a triangular trans-
port map from the target distribution to a simple refer-
ence distribution. We propose Bayesian nonparametric in-
ference on the transport map by modeling its components
using Gaussian processes. This enables regularization and
accounting for uncertainty in the map estimation, while
still resulting in a closed-form invertible posterior map.
We then focus on inferring the distribution of a spatial
field from a small output ensemble. We develop specific
transport-map priors that are highly flexible but shrink
toward a Gaussian field with Matern-type covariance. The
approach is scalable to high-dimensional fields due to data-
dependent sparsity and parallel computations. We dis-
cuss extensions, including Dirichlet process mixtures for
marginal non-Gaussianity. We present numerical results to
demonstrate the accuracy, scalability, and usefulness of our
methods, including statistical emulation of non-Gaussian
climate-model output. This idea can also be used to infer
forecast distributions in ensemble-based data assimilation.
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Scaling Up Bayesian Uncertainty Quantification for
Inverse Problems Using Deep Neural Networks

Due to the importance of uncertainty quantification (UQ),
Bayesian approach to inverse problems has recently gained
popularity in applied mathematics, physics, and engineer-
ing. However, traditional Bayesian inference methods
based on Markov Chain Monte Carlo (MCMC) tend to
be computationally intensive and inefficient for such high
dimensional problems. To address this issue, a surrogate
based method, calibration-emulation-sampling (CES), has
recently been proposed for large dimensional UQ prob-
lems. In this work, we propose a novel CES approach for
Bayesian inference based on deep neural network models
for the emulation phase. The resulting algorithm is com-

putationally more efficient and more robust against vari-
ations in the training set. Further, by using an autoen-
coder (AE) for dimension reduction, we have been able to
speed up our Bayesian inference method up to three or-
ders of magnitude. Overall, our method, henceforth called
Dimension-Reduced Emulative Autoencoder Monte Carlo
(DREAMC) algorithm, is able to scale Bayesian UQ up
to thousands of dimensions for inverse problems. Using
two low-dimensional (linear and nonlinear) inverse prob-
lems we illustrate the validity of this approach. Next, we
apply our method to two high-dimensional numerical ex-
amples (elliptic and advection-diffussion) to demonstrate
its computational advantages over existing algorithms.
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Large Scale Kriging by Substituting Optimization
for Inversion

Gaussian processes are popular tools for prediction that
have been shown to be orders of magnitude more accurate
that modern competitors on a host of prediction tasks.
However, the computational cost of fitting them can be
daunting. Inspired by the recent deployments of ultra-large
scale optimization in deep learning, this talk illustrates how
carefully written optimization problems can be used to re-
place the usual matrix decomposition used to fit Gaussian
process predictors.
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PyApprox: Approximation and Probabilistic Anal-
ysis of Data

PyApprox is a Python software package that provides flex-
ible and efficient tools for credible data-informed decision
making. PyApprox implements methods addressing vari-
ous issues surrounding high-dimensional parameter spaces
and limited evaluations of expensive simulation models
with the goal of facilitating simulation-aided knowledge
discovery, prediction and design. This talk will provide
an overview of the various methods available in PyAp-
prox for surrogate modeling, sensitivity analysis, uncer-
tainty quantification, optimal experimental design and risk
assessment. Focus will be given to automated tools that
do not require extensive hand-tuning of hyper-parameters.
The methods overview will be complemented by various nu-
merical examples that demonstrate the plug an play nature
of PyApprox which is designed to allow rapid prototyping
and comparison of existing methods.
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Lagun: An Open Source Platform for Data Explo-
ration and Optimization

Guided by needs of real applications, the open source
R/Shiny platform, Lagun, has been developed to provide a
user-friendly interface to methods dedicated to the explo-
ration and the analysis of expensive experiments (typically
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complex numerical simulations or costly experimentations,
which lead to datasets with a small sample size). Some
guided workflows are provided to help non-expert users
to apply safely the proposed methodologies. Laguns main
current functionalities are (i) Optimized design of exper-
iments to generate a dataset with a good spatial reparti-
tion of the simulations/experiments of the system in the
inputs/parameters domain; (ii) Visual exploration tools to
explore the complete dataset composed of inputs and sys-
tem outputs/responses for insightful visual analyses, iden-
tification of the main trends and of the most influential
inputs; (iii) Build surrogate models that infer a predic-
tive relationship between inputs and outputs and use them
extensively in uncertainty quantification, sensitivity analy-
sis, deterministic optimization, optimization under uncer-
tainty or in more intensive graphical studies; (iv) Direct
connection with simulation scripts to perform automatic
and sequential simulations, in particular for surrogate and
simulation-based optimizations and calibration of numer-
ical simulation. Lagun aims to integrate state-of-the-art
methods via the Safran-IFPEN collaborative project and
via contributions of research developers in the UQ commu-
nity.
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Uqlab 2.0 and Uqcloud: Open-Source Vs. Cloud-
Based Uncertainty Quantification Tools

Developing scientific software that can reach an heteroge-
neous, rapidly evolving international audience is a challeng-
ing process, albeit rewarding. By the end of 2022, UQLab
will have reached 10 years of development, during which it
went from being the ”new kid on the block”, to one of the
most recognizable household names for uncertainty quan-
tification software worldwide. This milestone will bring a
significant shift in the UQLab development and distribu-
tion model, with two main changes aimed at reaching an
ever larger audience. At first, the next major release 2.0
of UQLab (Q1 2022) will see the full release of its source
code, including that of its ”core”. The use of the very per-
missive ”BST 3-clause” open source license is expected to
result in higher accessibility (and likely adoption rate) for
both academic and industrial/commercial users. In paral-
lel Q1 2022 will also see the official launch of UQCloud, the
cloud-based sibling of UQLab developed from - and con-
tinuously integrated with - the same codebase. Through
its secure REST API, UQCloud provides the complete ar-
ray of uncertainty quantification tools included in UQLab,
without any programming language restrictions. In this

contribution we present an overview of the timeline and
implications of this important transition, as well as our
view on how modern, industry-driven agile and continuous
integration practices can positively affect scientific software
development.
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UQpy Version 4: Refactored, Continuously Inte-
grated and Docker Ready for An Enhanced User
and Developer Experience

UQpy software is an open-source python library that en-
ables a wide range of uncertainty quantification studies on
physical and mathematical systems. The software itself
is split into nine different modules, with each one address-
ing a separate aspect of uncertainty quantification, ranging
from sampling methods to surrogate modeling of complex
physical systems and state-of-the-art dimension reduction
techniques. The use of the Python programming language,
with its simplified syntax and readability, allows scientists
to focus on an expedited research process rather than com-
plicated language constructs. The role of UQpy software
is two-fold. On the one hand, it serves as a user-ready
toolbox for uncertainty quantification, that includes niche
uncertainty quantification methods. On the other hand,
its modularity allows for quick extensibility, rendering it
an ideal platform to test and implement new uncertainty
quantification techniques. Version 4 of UQpy introduces
an enhanced object-oriented approach to the code architec-
ture, thus allowing for a simplified user and developer expe-
rience. Continuous Integration of the software ensures that
the releases follow strict code quality rules and automated
testing verifies the validity of the scientific output. Finally,
packaging and distribution of UQpy in system agnostic for-
mat and multiple packaging archives such as PyPI, conda-
forge and Docker images allows the dissemination and use
of UQpy by lifting systems specific limitations.
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Multilevel Monte Carlo Methods for Estimating
the Expected Value of Information

Motivated by applications to medical decision making un-
der uncertainty, we study Monte Carlo estimation of the
expected value of partial perfect information (EVPPI) and
the expected value of sample information (EVSI). Both
EVPPI and EVSI are defined as nested expectations, for
which the standard (nested) Monte Carlo methods re-
quire O(ε−3) or O(ε−4) computational costs to achieve
the root-mean-square accuracy ε. To reduce these costs
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to O(ε−2), we introduce antithetic multilevel Monte Carlo
(MLMC) estimators for these quantities in this talk. Un-
der some assumptions on decision models, the antithetic
property of the MLMC estimator enables to prove such a
computational complexity for estimating EVPPI [M. Giles
and T. Goda, Decision-making under uncertainty: using
MLMC for efficient estimation of EVPPI, Stat. Comput.,
29 (2019), 739–751]. The result can be extended to EVSI,
by directly using the Bayes’ formula and showing auxiliary
results on the MLMC estimation of nested ratio expec-
tations [T. Hironaka, M. Giles, T. Goda and H. Thom,
Multilevel Monte Carlo estimation of the expected value of
sample information, SIAM/ASA J. Uncertainty Quantif.,
8 (2020), 1236–1259]. Numerical experiments support our
theoretical analysis.
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MS48

Multilevel Markov Chain Monte Carlo Methods for
Large Scale Bayesian Inverse Problems

We present a novel class of Multi-Level Markov Chain
Monte Carlo (ML-MCMC) algorithms and apply them
in the context of large-scale Bayesian inverse problems
(BIPs), where the likelihood function involves a com-
plex differential model, which is then approximated on
a sequence of increasingly accurate discretizations. The
key point of this algorithm is to construct highly cou-
pled Markov chains together with the standard Multi-level
Monte Carlo argument to obtain a better cost-tolerance
complexity than a single-level MCMC algorithm. We
present several approaches to generate these highly cou-
pled chains by sampling, e.g., from a maximal coupling of
the proposals for each marginal Markov chain. By doing
this, we are allowed to create novel ML-MCMC methods
for which, contrary to previously used models, the propos-
als at each iteration can depend on the current state of
this chain, while at the same time, creating chains that are
highly correlated. The presented methods are tested on an
array of both academic and large-scale BIPs, where a clear
computational advantage can be observed with respect to
their single-level counterpart.
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MS48

Multilevel Quasi-Monte Carlo for Random Elliptic
Eigenvalue Problems

Random eigenvalue problems are useful models for quanti-
fying the uncertainty in several applications from the physi-
cal sciences and engineering, e.g., structural vibration anal-
ysis, the criticality of a nuclear reactor or photonic crystal
structures. In this paper we present a simple multilevel
quasi-Monte Carlo (MLQMC) method for approximating
the expectation of the minimal eigenvalue of an elliptic
eigenvalue problem with coefficients that are given as a
series expansion of countably-many stochastic parameters.
The MLQMC algorithm is based on a hierarchy of dis-
cretisations of the spatial domain and truncations of the
dimension of the stochastic parameter domain. To approx-
imate the expectations, randomly shifted lattice rules are
employed. This paper is primarily dedicated to giving a
rigorous analysis of the error of this algorithm. A key step
in the error analysis requires bounds on the mixed deriva-
tives of the eigenfunction with respect to both the stochas-
tic and spatial variables simultaneously. An accompanying
paper [Gilbert and Scheichl, 2021], focusses on practical
extensions of the MLQMC algorithm to improve efficiency,
and presents numerical results.
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Adaptive Multilevel Monte Carlo for Probabilities

We consider numerical approximations of P(G ∈ Ω) where
the d-dimensional random variable G cannot be sampled
directly, but there is a hierarchy of increasingly accurate
approximations which can be sampled. The cost of stan-
dard Monte Carlo estimation scales poorly with accuracy
in this setup since it compounds the approximation cost for
a large number of samples. Multilevel Monte Carlo tech-
niques improve the cost slightly, but are known to perform
worse when sampling discontinuous observables such as the
event G ∈ Ω. We propose a general adaptive framework
which is able to return the Multilevel Monte Carlo com-
plexities seen for smooth or Lipschitz observables. Our
assumptions and numerical analysis are kept general al-
lowing the methods to be used for a wide class of problems
ranging from financial risk estimation and option pricing
to computing failure probabilities.
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MS49

Identifying Underlying Systems by Adapted Opti-
mal Transport Maps

Different observations of a relation between inputs and out-
puts are often reported in terms of histograms (discretiza-
tions of the source and the target densities). Transporting
these densities to each other provides insight regarding the
underlying relation. In (forward) uncertainty quantifica-
tion, one typically studies how the distribution of inputs
to a system affects the distribution of the system responses.
In this talk we focus on the identification of the system (the
transport map) itself, once the input and output distribu-
tions are determined, and suggest a modification of current
practice by including data from what we call an observation
process. We hypothesize that there exists a smooth man-
ifold underlying the relation; the sources and the targets
are then partial observations (possibly projections) of this
manifold. Knowledge of such a manifold implies knowledge
of the relation, and thus of the right transport between
source and target observations.
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MS49

Partitioning Data Classes Using Optimal Transport
Embeddings

Problems related to detection, estimation, clustering, and
classification using data emanating from physical sensors
(e.g. signals and images ) often present difficult mathemat-
ical challenges due to nonlinearities present when modeling
complex phenomena. When the data emanates from pro-
cesses related to transport phenomena, solutions based on
optimal transport and other Lagrangian embeddings ca-
pable of yielding high accuracy solutions for low compu-
tational cost have emerged. These embeddings are able
to fully represent signals and image and can be viewed as
mathematical transforms. We describe some of their math-
ematical properties related to partitioning data classes,
thus supporting high classification accuracies in certain sig-
nal and image processing problems. Results with simulated
and real data are also shown.
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Neural-Network Approaches for Likelihood-Free
Inversion

In this talk, we discuss neural network approaches for solv-
ing ill-posed inverse problems in a data driven-way. Here,
we will bypass the construction of a likelihood (and prior)
term and aim to solve inverse problems in a likelihood-

free manner. To this end, we extend our recent work on
using neural networks for solving high-dimensional opti-
mal transport problems to inverse problems. We will also
draw from advances in generative modeling. Specifically,
our goal is to learn a transport map between a simple la-
tent distribution and the posterior distribution defined by
input-output pairs of the forward problem.
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Optimal Mass Transport Methods in Medicine

We will describe the uses of optimal mass transport (OMT)
methods for the analysis of medical data. This will include
the new matrix-valued and vector-valued extensions. Both
genomic and image data will be described. Because of their
weak continuity, metrics based on OMT are ideal for han-
dling the noise typical in medical data.
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Parametric Model Embedding: A Novel Ap-
proach to Design-Space Dimensionality Reduction
in Shape Optimization

The need for increasingly performing functional-surface de-
signs is constantly growing in many engineering fields, re-
quiring increasingly accurate analyses and innovative solu-
tions. The latter can be achieved via the simulation-driven
design optimization paradigm, which integrates shape pa-
rameterization models, numerical solvers, and optimiza-
tion algorithms. The demand for highly innovative de-
signs often requires global optimization on ever-larger de-
sign spaces, with an ever-increasing number of design vari-
ables, leading unavoidably to the so-called curse of dimen-
sionality (CoD). Methodologies for reducing the design-
space dimensionality have been recently developed based
on unsupervised learning methods (e.g., principal compo-
nent analysis). These methods provide reduced dimension-
ality representations capable of maintaining a certain de-
gree of design variability. Although such methodologies
have demonstrated their capability to alleviate the CoD,
they usually do not allow to use the original design-space
parameterization. This aspect represents a limit to their
widespread use in the industrial field, where the design pa-
rameters often pertain to well-established parametric mod-
els (e.g., CAD models). This work discusses how to embed
the parametric-model original parameters in a reduced-
dimensionality representation. The proposed method uses
a generalized feature space and aims at resolving a pre-
scribed design variability by properly selecting the latent
dimensionality.
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Spline Chaos: An Efficient Representation of
Stochastic Processes

In this talk, the 2018 presented spline chaos is demon-
strated, where the space of orthogonal polynomials in
the Wiener-Askey chaos expansion is replaced by a spline
space. B-spline basis functions are used in the chaos ex-
pansion, which are i.a. prevalent in isogeometeric analy-
sis. Strong and weak convergence of the B-spline chaos
is proven and substantiated by numerical results. Fur-
ther, several stochastic differential equations are numeri-
cally solved by a stochastic Galerkin type approach.
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Stochastic Isogeometric Analysis on Arbitrary
Multipatch Domains by Spline Dimensional De-
composition

This paper presents a new stochastic method by integrat-
ing spline dimensional decomposition (SDD) of a high-
dimensional random function and isogeometric analysis
(IGA) on arbitrary multipatch geometries to solve stochas-
tic boundary-value problems from linear elasticity. The
method, referred to as SDD-mIGA, involves (1) analysis-
suitable T-splines with significant approximating power
for geometrical modeling, random field discretization, and
stress analysis; (2) Bezier extraction operator for isogeo-
metric mesh refinement; and (3) a novel Fourier-like ex-
pansion of a high-dimensional output function in terms
of measure-consistent orthonormalized splines. The pro-
posed method can handle arbitrary multipatch domains
in IGA and uses standard least-squares regression to ef-
ficiently estimate the SDD expansion coefficients for un-
certainty quantification applications. Analytical formulae
have been derived to calculate the second-moment proper-
ties of an SDD-mIGA approximation for a general output
random variable of interest. Numerical results, including
those obtained for a 54-dimensional, industrial-scale prob-
lem, demonstrate that a low-order SDD-mIGA is capable of
efficiently delivering accurate probabilistic solutions when
compared with the benchmark results from crude Monte
Carlo simulation.
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MS50

Recent Advances on Iga-Based Multi-Index
Stochastic Collocation

Multi-Index Stochastic Collocation (MISC) is a method of
the multi-level family, aimed at reducing computational

costs when repeatedly solving a parametric PDE for Un-
certainty Quantification purposes. This cost reduction is
achieved by exploiting multiple hierarchies of discretiza-
tions; in particular, anisotropic grids are considered. More-
over, the random variables are sampled in a deterministic
way, by using tensor grids instead of Monte Carlo sam-
ples. In this talk, we employ Isogeometric Analysis (IGA)
instead of the more traditional finite elements solvers.
IGA solvers employ splines as basis functions, which en-
ables a simpler meshing process, exact geometry represen-
tation and high-continuity basis functions. Finally, IGA
solvers fit particularly well in the MISC framework due to
their tensor-based construction. The effectiveness of the
methodology is showcased by a few numerical examples.
This talk will also serve as introduction to the Minisympo-
sium, discussing other uses of spline-based technologies for
UQ.
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MS52

Squishing the Banana: Transport Map-Accelerated
Adaptive Importance Sampling

Sampling from probability distributions with complex
structure can be very challenging, as the ubiquitous
Metropolis-Hastings method can exhibit poor mixing. In
many applications this complexity can manifest itself in the
target distribution being concentrated on a lower dimen-
sional manifold. Without using a method that exploits this
structure, proposals will often be made off the manifold and
rejected. Transport maps have recently been used as a tool
to effectively simplify this complex structure and accelerate
Metropolis-Hastings algorithms in such a scenario. In this
talk we will see how the same approach can accelerate and
stabilize ensemble importance sampling schemes, a family
of methods which have favourable properties, including the
potential to be very efficient on parallel architectures.
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Deep Tensor Train Approximation for Rare Event
Simulation

Estimation of event probability is a famous statistical task.
Headline applications include risk assessment of a waste
repository or an infection surge. In most problems neither
the random variable defining the event nor its distribution
are available explicitly. Instead, those are parametrized by
a high-dimensional random vector, and the sought proba-
bility needs to be computed as a multivariate integral of
a complicated and numerically expensive function (e.g. a
PDE solution) over the failure region. The standard unbi-
ased Monte Carlo approach requires the number of samples
inversely proportional to both the squared error and the
event probability, which can exceed billions if the event is
rare. We develop a method to approximate a biasing dis-
tribution by building upon the deep composition of Rosen-
blatt transport maps, induced by a set of probability densi-
ties bridging from a tractable reference measure to the op-
timal biasing distribution. Each map is computed using a
Tensor Train approximation of the pullback of the bridging
density by the previously computed map. The bridging is
done by tightening the width of the sigmoid approximation
of the indicator function of the event. Moreover, we can
estimate a non-tractable (e.g. posterior) density using the
same approach but bridging with tempered densities. Nu-
merical experiments with Bayesian inverse ODE and PDE
problems demonstrate little to no scaling of the computing
complexity with the failure probability.
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A Scalable and Efficient Bayesian Inference Frame-
work for a Nonlinear Stokes Ice Sheet Flow Model

Solving Bayesian inverse problems suffers from the twin
difficulties of the high dimensionality of the uncertain pa-
rameters and (possibly) computationally expensive forward
models. In this talk, we consider the problem of reducing
the state and parameter dimension for Bayesian inverse
problems. To reduce the parameter dimension, we exploit
the underlying problem structure (e.g., local sensitivity of
the data to parameters, the smoothing properties of the
forward model, and the covariance structure of the prior)
and identify a likelihood-informed parameter subspace that
shows where the change from prior to posterior is most
significant. For the state dimension reduction (i.e., to es-
tablish a low-dimensional manifold for a nonlinear forward
problem), we employ a proper orthogonal decomposition
(POD) combined with the discrete empirical interpolation
method (DEIM). The resulting joint parameter and state
dimension reduction leads to a scalable and efficient scheme

that can be used to explore the posterior distribution of
the parameter or subsequent predictions. We demonstrate
the accuracy and efficiency of this approach for an inverse
problem governed by the nonlinear Stokes ice sheet flow
model, where the parameter of interest is the basal sliding
coefficient field.
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Solving High-Dimensional Nonlinear Filtering
Problems Using a Tensor Train Decomposition
Method

In this talk, we propose an efficient numerical method to
solve high-dimensional nonlinear filtering (NLF) problems.
Specifically, we use the tensor train decomposition method
to solve the forward Kolmogorov equation (FKE) arising
from the NLF problem. Our method consists of offline
and online stages. In the offline stage, we use the finite
difference method to discretize the partial differential op-
erators involved in the FKE and extract low-dimensional
structures in the solution tensor using the tensor train de-
composition method. In the online stage using the pre-
computed low-rank approximation tensors, we can quickly
solve the FKE given new observation data. Therefore, we
can solve the NLF problem in a real-time manner. Under
some mild assumptions, we provide convergence analysis
for the proposed method. Finally, we present numerical
results to show the efficiency and accuracy of the proposed
method in solving up to six-dimensional NLF problems.
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Optimality Conditions and Regularization for OUU
with Almost Sure State Constraints

In this talk, we present necessary and sufficient optimal-
ity conditions for convex stochastic optimization problems
subject to almost sure equality and conical constraints.
We refine classical results by Rockafellar and Wets from
two-stage stochastic optimization to include states belong-
ing to the Bochner space of essentially bounded random
variables with images in a reflexive and separable Banach
space. Under certain conditions, the optimality conditions
given are necessary and sufficient. Lagrange multipliers ex-
hibit different regularity depending on whether or not the
assumption of relatively complete recourse is satisfied. We
propose a Moreau–Yosida regularization for such problems
and show consistency of the optimality conditions for the
regularization problem as the regularization parameter is
taken to infinity. Algorithmic approaches using stochastic
approximation are discussed and an application to PDE-
constrained optimization under uncertainty is presented.
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An Augmented Lagrangian Approach for Risk-
Averse PDE-Constrained Optimization with State
Constraints

Many science and engineering applications necessitate the
optimization of systems described by PDEs with uncertain
inputs including noisy problem data and unknown bound-
ary or initial conditions. One can formulate these prob-
lems as risk-averse optimization problems in Banach space,
which upon discretization, become enormous nonsmooth
nonlinear programs. The analysis and numerical solution
of these problems is further complicated when pointwise
constraints on the PDE solution are present. The Lagrange
multipliers for these constraints are often measures, leading
to mesh dependence if naively discretized and solved with
off-the-shelf optimization methods. To address this chal-
lenge, we present a general method for risk-averse, state-
constrained PDE optimization motivated by the method of
multipliers. At each iteration, our algorithm solves smooth
equality-constrained subproblems using a composite-step
SQP method that exploits inexact linear system solves. We
prove convergence of our algorithm in infinite dimensions
and demonstrate its efficiency on numerical examples.
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Optimal Design Under Uncertainty of Chemoepi-
taxial Guideposts for the Directed Self-Assembly
of Block Copolymer Systems

Directed self-assembly (DSA) of block-copolymers (BCPs)
is a promising strategy for the manufacturing of nanoscale
devices. In the particular form of this process known

as chemoepitaxy, BCP mixtures which naturally form
nanoscale structures upon phase separation are guided by
chemically patterned substrates to produce morpologies of
interest. We aim to study the problem of designing opti-
mal substrate chemical patterns given desired equilibrium
morphologies. The chemoepitaxial process can be modeled
using the nonlocal Cahn-Hilliard equations arising from the
minimization of the Ohta-Kawasaki free-energy, with ad-
ditional terms accounting for the substrate interactions.
However, the specific equilibrium state produced given a
fixed substrate design depends on the initial condition used
for the free-energy minimization. We thus pose the opti-
mal design problem as one under uncertainty and look to
quantify the reliability of substrate designs subject to un-
certainty in the initial condition. In this talk, we present
a solution strategy for the optimal design problem and nu-
merically demonstrate its effectiveness in producing robust
substrate designs.
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A Framework for Machine Learning Based Opti-
mization Under Uncertainty

We propose in this talk a general framework for machine
learning based optimization under uncertainty and inverse
problems. Our approach replaces the complex forward
model by a surrogate, e.g. a neural network, which is
learned simultaneously in a one-shot sense when estimating
the unknown parameters from data or solving the optimal
control problem. By establishing a link to the Bayesian ap-
proach, an algorithmic framework is developed which en-
sures the feasibility of the parameter estimate / control
w.r. to the forward model.

Claudia Schillings
University of Mannheim
Institute of Mathematics
c.schillings@uni-mannheim.de

Philipp A. Guth, Simon Weissmann
University of Mannheim
pguth@mail.uni-mannheim.de, simon.weissmann@uni-
heidelberg.de

MS55

Local Approximation of Expected Utility Surface
for Nonlinear Bayesian Optimal Experimental De-
sign

Data acquisition is time-consuming, expensive, and even
dangerous. Furthermore, the data may not constrain the
parameters-of-interest. We present a rigorous optimal ex-
perimental design (OED) workflow that identifies efficient
experiments by maximizing the information gain while
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minimizing costs and risks. Under a Bayesian framework,
the collected data are used to update a prior distribu-
tion. This defines a posterior distribution that illustrates
the uncertainty reduction. The amount of information
gain is quantified by the Kullback-Leibler (KL) divergence
from the posterior distribution to the prior. However, nu-
merical evaluation of the KL divergence requires nested
Monte Carlo, which is intractable because of the expensive
physics-based forward models that must be evaluated to
compute the posterior density function. Therefore, we re-
place the posterior density with a computationally cheaper
local polynomial surrogate model. However, the surro-
gate model introduces bias into the estimate of the KL
divergence. Repeatedly refining the surrogate model en-
sures asymptotic decay of the surrogate bias, and using a
bias-variance trade-off to trigger refinements yields a rate-
optimal strategy. Local polynomials are appealing because
our refinement strategy can minimize error in regions of
non-trivial posterior support. We demonstrate our method
by optimizing the location of sensors that observe the con-
centration of a contaminate, inferring the conductivity field
in a physical domain.
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Multilevel Double Loop Monte Carlo Method with
Importance Sampling for Bayesian Optimal Exper-
imental Design

An optimal experimental set-up maximizes the value of
data for statistical inferences. The efficiency of strate-
gies for finding optimal experimental set-ups is particu-
larly important for experiments that are time-consuming
or expensive to perform. When the experiments are mod-
eled by Partial Differential Equations (PDEs), multilevel
methods have been proven to reduce the computational
complexity of their single-level counterparts when esti-
mating expected values. For a setting where PDEs can
model experiments, we propose a multilevel method for es-
timating the widespread criterion known as the Expected
Information Gain (EIG) in Bayesian optimal experimen-
tal design. We propose a Multilevel Double Loop Monte
Carlo (MLDLMC), where the Laplace approximation is
used for importance sampling in the inner expectation.
The method’s efficiency is demonstrated by estimating EIG
for inference of the fiber orientation in composite laminate
materials from an electrical impedance tomography exper-
iment.
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Deep Neural Network Surrogates for PDE-
Constrained Bayesian OED

We consider optimal experimental design for Bayesian in-
verse problems governed by PDE forward models. Spe-
cially, we seek to find a sensor network geometry that
maximizes the expected information gain (EIG). The prob-
lem is intractable using brute force Monte Carlo sam-
pling. To make the EIG computation tractable, we invoke
a projected neural network surrogate approximation of the
parameter-to-observable (p2o) map. The architecture of
the projected network exploits the geometry and intrinsic
low-dimensionality of the p2o map, resulting in a parsimo-
nious representation that requires few training data. Initial
results are very promising.
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Bayesian Design for Parameter Estimation Using
Supervised Regression Methods

We propose a computationally efficient simulation-based
approach to find Bayesian optimal designs when the goal
of inference is parameter estimation. We apply supervised
regression methods to simulated data in order to facili-
tate the computation of the expected loss criteria used
in Bayesian optimal design. In particular, we consider
squared error loss, for which our approach is straightfor-
ward to implement. This approach requires considerably
fewer simulations from the candidate models than previous
approaches using approximate Bayesian computation. The
approach is particularly useful in the presence of models
with intractable likelihoods but can also provide compu-
tational advantages when the likelihoods are manageable.
The methods are applied to find optimal designs for a di-
verse range of models such as Markov process models or
nonlinear mixed effects models.
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Bayesian Improved Cross Entropy Method for Cat-
egorical Distribution Model

We propose a modification of the improved cross entropy
iCE method to enhance its performance for network reli-
ability assessment. The iCE method employs a smooth
transition from the nominal density to the optimal im-
portance sampling IS density and updates the paramet-
ric distribution model through cross entropy minimization
Papaioannouet.al., 2019. The efficiency and the accuracy
of the iCE method are largely influenced by the choice of
the parametric model. In the context of reliability of sys-
tems with multi-state component states, the obvious choice
of the parametric model is the Categorical distribution.
When updating such distribution model through standard
iCE, the probability assigned to certain category often con-
verges to 0 due to lack of occurrence of the samples, re-
sulting in a reduced sample space for the final importance
sampling distribution. However, such category is not nec-
essarily negligible for the failure event. To circumvent this
problem, we propose an accurate yet efficient algorithm
termed Bayesian improved cross entropy method BiCE, in
which the posterior predictive distribution is employed to
update the parametric family instead of the weighted max-
imum likelihood estimation. A set of examples are used to
illustrate the efficiency and the accuracy of the proposed
method.
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Physically Driven EV-GDEE for the Estimation
of Time-Variant Failure Probabilities of High-
Dimensional Stochastic Dynamical Systems

Time-variant reliability assessment of engineering systems
subjected to stochastic excitations, especially for rare
events, is of paramount importance for the performance-
based decision-making of design, but is still of great chal-
lenge due to the nonlinear and random coupling in high-
dimensional systems. For this purpose, an ensemble-
evolving-based generalized density evolution equation
EV −GDEE is established, as a one- or two-dimensional
partial differential equation, with respect to the response of
interest in a high-dimensional system. The equivalent drift
coefficient in the EV-GDEE represents the physically driv-
ing force of evolution of the probability density function

PDF in the ensemble sense, and is identified as the con-
ditional expectation of the original drift function. In this
sense, the proposed method can be called as the physically
driven EV-GDEE. Some representative dynamical analy-
ses of the underlying physical system are performed for
the identification of the equivalent drift coefficient. Then,
the EV-GDEE can be solved to capture the transient PDF
of the response of interest. For the purpose of reliability, an
absorbing boundary process is constructed. Its EV-GDEE
can be established and solved to obtain time-variant first-
passage reliability. The proposed method shows the high
accuracy of the failure probability even in the order of mag-
nitude 10−4 - 10−6 for rare events, which are achieved with
only hundreds of dynamical analyses.

Meng-Ze Lyu, Jianbing Chen
College of Civil Engineering, Tongji University
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MS56

Sensitivity Analysis Methodology for Extreme Fi-
nancial Risks Using Splitting Methods based on
Reversible Transformations

We develop a new methodology to compute sensitivities of
financial risk statistics based on rare-event using the idea
of splitting. Most popular financial risk quantities are com-
puted as expectation of a functional of the relevant risk-
governing stochastic model when the underlying stochas-
tic object takes value in a very small probability set. We
represent the derivative of these quantities also as an ex-
pectation by using an integration- by-parts formula in the
setting of Malliavin calculus. We derive explicit represen-
tation of the Malliavin weight which allows us to compute
the derivative as an expectation of another functional of
the stochastic model when the underlying stochastic object
takes value in a very small probability set. Using the idea of
splitting, we show that the derivative can be computed effi-
ciently using a recently proposed simulation method based
on reversible shaking transformations We demonstrate the
application of our methodology using an example of option
Greeks for an out-of-the-money European option.
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MS57

Stationary Density Estimation of Ito Diffusion with
Deep Learning

In this talk, I will discuss a deep learning approach for
estimating the stationary density of ergodic It diffusions.
Given the time series of the stochastic process, we employ
neural network models to solve supervised learning tasks to
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uncover the drift and diffusion coefficients. Subsequently,
we estimate the density by finding a neural network-based
regression solution to the stationary Fokker-Planck equa-
tions with the estimated drift and diffusion coefficients.
Convergence study, accounting generalization errors in-
duced by estimation of the drift and diffusion coefficients,
and the PDE solvers, will be presented. I will demonstrate
numerical results on a 20-dimensional Langevin dynamical
system.
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MS57

Transition Path Theory with Neural and Tensor
Networks

Deep neural-network/ tensor method can be used for com-
pressing high-dimensional functions arising from partial
differential equations (PDE). In this talk, we focus on us-
ing these methods for solving for the committor function,
which enables us to study the transition processes between
metastable states in chemistry applications.
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MS57

Computing Committor Functions for the Study of
Rare Events Using Deep Learning

The committor function is a central object in understand-
ing transition events between metastable states in complex
systems. It has a simple mathematical description it satis-
fies the backward Kolmogorov equation. However, comput-
ing the committor function for realistic systems at low tem-
perature is a challenging task, due to the curse of dimen-
sionality and the scarcity of transition data. In this talk,
I will present a computational approach that overcomes
these issues and achieves good performance on complex
benchmark problems with rough energy landscapes. The
new approach combines deep learning, importance sam-
pling and feature engineering techniques. This establishes
an alternative practical method for studying rare transi-
tion events among metastable states of complex, high di-
mensional systems.
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MS57

Learning Control Forces to Characterize Dynami-
cal Phase Transitions

Sampling the collective, dynamical fluctuations that lead
to nonequilibrium pattern formation requires probing rare
regions of trajectory space. Recent approaches to this
problem based on importance sampling, cloning, and spec-
tral approximations, have yielded significant insight into
nonequilibrium systems, but tend to scale poorly with the
size of the system, especially near dynamical phase transi-
tions. Here we propose a machine learning algorithm that
samples rare trajectories and estimates the associated large
deviation functions using a many-body control force by
leveraging the flexible function representation provided by
deep neural networks, importance sampling in trajectory
space, and stochastic optimal control theory. We show
that this approach scales to hundreds of interacting par-
ticles and remains robust at dynamical phase transitions.
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Stanford University
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MS58

Uncertainties in Data-Drive Earth System Predic-
tions

Deep learning is a tool that is increasingly being lever-
aged by the earth system modeling community due its ca-
pacity to ingest large quantities of data to discover pat-
terns and relationships, incorporate limited observed data,
and make enhanced, faster data-driven earth-system pre-
dictions. When using earth-system models directly to make
predictions, the various sources of uncertainties can be
quantified, e.g. the distinction between internal variability
and model uncertainty. However, when we instead make
enhanced predictions with data-driven models, a further
source of uncertainty is introduced by the data-driven sys-
tem, and we also must ensure that the other sources of un-
certainty are properly accounted for and quantified when
making a prediction with such models. This becomes espe-
cially important in the case of impacts assessments where
decisions are routinely required to be made under uncer-
tainty. In this talk, I will present our recent efforts to
quantify the various sources of uncertainty in our predic-
tions of climate quantities from data-driven models. This
work was performed under the auspices of the U.S. De-
partment of Energy by Lawrence Livermore National Lab-
oratory under Contract DE-AC52-07NA27344 and is sup-
ported by LLNL Laboratory Directed Research and Devel-
opment project 22-SI-008.
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MS58

ML4UQ: Machine Learning to Enable Efficient Un-
certainty Quantification in Climate Models

We will talk how to leverage machine learning (ML) to ad-
vance uncertainty quantification (UQ) in climate models.
First, we will discuss different ML-based surrogate model-
ing techniques to accelerate UQ. These techniques include
building a surrogate model of the climate model to learn
the complex input-output relationship, and construction of
a surrogate model of the likelihood function in performing
UQ. Additionally, we will introduce an assumption-free,
scalable, and robust prediction interval method to quan-
tify the ML model uncertainty so as to produce accurate
and credible surrogate model predictions. This prediction
interval method can not only quantify the uncertainty of
the climate model surrogates but also the uncertainty of
the data-driven ML models in simulating the climate sys-
tem. We will demonstrate the methods using land surface
models.
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MS58

Global Sensitivity Analysis Using the Ultra-Low
Resolution Energy Exascale Earth System Model

For decades, the Arctic has been warming at least twice
as fast as the rest of the globe. As a first step towards
quantifying parametric uncertainty in Arctic feedbacks, we
perform a variance-based global sensitivity analysis (GSA)
using a fully-coupled, ultra-low resolution (ULR) config-
uration of version 1 of the Department of Energys En-
ergy Exascale Earth System Model (E3SMv1). The study
randomly draws 139 realizations of ten model parameters
spanning three E3SMv1 components, which are used to
generate 75-year long projections of future climate using
a fixed pre-industrial forcing. We quantify the sensitivity
of six Arctic-focused quantities of interest (QOIs) to these
parameters using main effect, total effect and Sobol sensi-
tivity indices computed with a Gaussian process (GP) em-
ulator. A sensitivity index-based ranking of model parame-
ters shows that the atmospheric parameters in the CLUBB
(Cloud Layers Unified by Binormals) scheme have signifi-
cant impact on sea ice status and the larger Arctic climate.
We also use our GP emulator to predict the response of
varying each variable when the impact of other parame-
ters are averaged out. These results allow one to assess
the non-linearity of a parameters impact on a QOI and in-
vestigate the presence of local minima encountered during
the spin-up tuning process. Our study confirms the neces-
sity of performing global analyses involving fully-coupled
climate models, and motivates follow-on investigations in-
volving the ULR model.
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MS58

E3sm Atmosphere Surrogate Construction and
Calibration Using Machine Learning and Reduced
Order Modeling Methods

We develop surrogate construction methods for spatially
varying scalar fields from the E3SM Atmosphere Model
(EAM). The goal is to integrate surrogates into climate
model development. This differs from approaches where
surrogate construction lags model development and tuning,
and where surrogate targets are typically single scalars.
Surrogate models for spatial fields could improve expert
climate model tuning and provide field data to automated
tuning algorithms. There is a tradeoff between improving
the surrogate (i.e. accuracy, dimensionality, and number
of uncertain climate model parameters) and the expense
of generating the sample E3SM simulations. We study the
effects of sample size, simulation length, simulation resolu-
tion, and surrogate dimensionality to determine the most
efficient surrogate methods for a desired surrogate accu-
racy. Surrogates are constructed using reduced order mod-
eling (ROM) where principal component analysis (PCA)
is applied to the ensemble target fields. The method is
a two-stage process in which we perform PCA, and then
use machine learning methods to fit the reduced or latent
space, including multivariate polynomial regression, ran-
dom forests, support vector machines, kernel ridge regres-
sion, Gaussian processes, k-nearest neighbor, and feed for-
ward neural networks. Finally, surrogate models are used
to drive a Bayesian calibration of the uncertain climate
model parameters. SAND 2021-12647A.
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MS59

Accelerating Physical Simulations with Reduced
Order Models

Although many model reduction schemes have been de-
veloped to reduce the computational cost of simulations
while minimizing the error introduced in the reduction pro-
cess, there are challenges especially in nonlinear advection-
dominated problems such as sharp gradients, moving shock
fronts, and turbulence, which hinder those model reduction
schemes from being practical. In this talk, we will present
recent developments in reduced order models for such sim-
ulations, with which we will demonstrate both good accu-
racy and considerable speed-up, enabling faster simulation
and optimization solvers.
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MS59

Three Approaches to Handle Uncertainty in Se-
quential Decision-Making

In many practical problems from online advertisement to
healthcare and computational finance, it is extremely im-
portant to have guarantees on the performance of the pol-
icy generated by our algorithms. This reduces the risk of
deploying our strategy and helps us to convince the prod-
uct (hospital, investment) manager that it is safe and not
going to harm the business. In this talk, we discuss three
different approaches to this fundamental problem, we call
them model-based, model-free, and online. In the model-
based approach, we first use the batch of data and build a
simulator that mimics the behavior of the dynamical sys-
tem under studies (online advertisement, hospitals ER, fi-
nancial market), and then use this simulator to generate
data and learn a policy. The main challenge here is to
have guarantees on the performance of the learned policy,
given the error in the simulator. This line of research is
closely related to the area of robust learning and control.
In the model-free approach, we learn a policy directly from
the batch of data (without building a simulator), and the
main question is whether the learned policy is guaranteed
to perform at least as well as a baseline strategy. This line
of research is related to off-policy evaluation and control.
In the online approach, the goal is to control the explo-
ration of the algorithm in a way that never during its ex-
ecution the loss of using it instead of the baseline strategy
is more than a given margin.
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MS59

Fast Approximate Bayesian Uncertainty Quantifi-
cation Using Conditional Generative Adversarial
Networks

Uncertainty quantification (UQ) is crucial in engineering
and science, but also computationally intensive when cou-
pled with an expensive physics-based model. Conven-
tional inverse UQ methods (e.g. Markov Chain Monte
Carlo (MCMC) algorithms and variational inference) re-
quire restarting the inference procedure when encounter-
ing a new measurement or a new experiment condition.
Therefore, they become prohibitive for tasks where re-
peated Bayesian inference is needed, such as optimal ex-
perimental design. We thus take a different approach that
avoids online physics-based model simulation or optimiza-
tion and aim to directly build a single generative model
that integrates conditional distributions of the parameter
conditioned under different possible measurements and ex-
periment designs. In particular, we employ the conditional
generative adversarial network (cGAN), which learns the
mapping from the joint space of latent variable, observable
and design variable to the space of posterior distributions,
by solving a minimax game between two deep neural net-
works. Only one cGAN needs to be trained offline, and
different observation and design values can be passed into
it during online usage to achieve fast approximate poste-
rior sampling. We illustrate the convergence of our method
and demonstrate it on a problem of optimal experimental

design of combustion reaction application.
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Bayesian Approach for Inverse Problems in Tomo-
graphic Imaging

Nonlinear and infinite-dimensional inverse problems ap-
pear in many applications including tomographic imaging.
Solving such inverse problems using Bayesian approach
needs appropriate function space setting and a measure
theoretic framework, as well as sampling methods to ap-
proximate the posterior density, which is computationally
challenging due to the expensive PDE-based forward sim-
ulations. Therefore, it is essential to reduce the uncer-
tainty of the model parameters to be estimated as well as
to acquire the most informative data to update the prior
knowledge about the uncertain quantities. We will present
information-based optimal experimental design of a tomog-
raphy inverse problem with application in medical imaging
with the goal of optimizing the solution of the associated
Bayesian inverse problem.
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MS60

Physics-Informed Machine Learning for Uncer-
tainty Sensitivity Analysis

This work considers global sensitivity analysis (GSA) for
situations where both a physics-based model and experi-
mental observations are available, and investigates physics-
informed machine learning (PIML) strategies to effectively
combine the two sources of information in order to maxi-
mize the accuracy of sensitivity estimates. When compu-
tational models (either physics-based or data-driven) are
used for the sensitivity analysis of engineering systems, the
sensitivity estimate is affected by the accuracy and uncer-
tainty of the model. Two representative machine learning
(ML) techniques are considered, namely, deep neural net-
works (DNN) and Gaussian process (GP) modeling, and
two strategies for incorporating physics knowledge within
these techniques are investigated, namely: (i) incorporat-
ing loss functions in the ML models to enforce physics con-
straints, and (ii) pre-training and updating the ML model
using simulation and experimental data respectively. Four
different models are built for each type (DNN and GP),
and the uncertainties in these models are included in the
Sobol indices computation. The DNN-based models, with
many degrees of freedom in terms of model parameters and
training options, are found to result in smaller bounds on
the sensitivity estimates when compared to the GP-based
models. The proposed methods are illustrated for additive
manufacturing and lake temperature modeling examples.
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MS60

Quantifying Uncertainty in Predictions of Physics
Constrained Neural Networks

Data sparsity is a common issue to train machine learning
models such as neural networks for engineering and scien-
tific applications, where experiments and simulations are
expensive. Recently physics-constrained neural networks
(PCNNs) were developed to improve the training efficiency
and interpretability of data-driven models by incorporat-
ing physical knowledge as constraints to guide the training
process. However, prediction error is still a challenge for
the PCNN framework. The model-form uncertainty of the
PCNN model comes from the subjective choice of neural
network structures, including the architecture, number of
hidden units and layers, activation functions, etc. The pa-
rameter uncertainty of the PCNN model arises from the
imperfect training process as well as imprecise physical
knowledge used in the PCNN. In this work, the quantifi-
cation of the parameter uncertainty in the PCNN model is
studied. Based on the training errors of different physical
constraints, the overall error of PCNN predictions is esti-
mated. A heat transfer example is used to demonstrate the
potential of the proposed approach for uncertainty quan-
tification in PCNNs.
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MS60

Quantifying Uncertainty in Machine Learning
Models for Time Series Classification

Time series classification (TSC) is a fundamental challenge
in many Scientific Machine Learning (SciML) problems es-
sential to national security, including stockpile surveillance
analysis. With the increase of time series data availabil-
ity, many new classes of TSC algorithms have been pro-
posed. In this talk, we present an empirical study of re-
cent Machine and Deep Learning (ML/DL) methods and
architectures for TSC with uncertainty quantification con-
siderations and evaluate them on a number of univariate
benchmark datasets. This study aims at enhancing the
overall credibility of ML/DL predictions and opening new
doors for SciML models to be credibly deployed to costly
and high stakes problems.

Ahmad A. Rushdi
Stanford University
rushdi@stanford.edu

Erin Acquesta, Jose Huerta, Kyle Neal, William J. Rider
Sandia National Laboratories
eacques@sandia.gov, jghuert@sandia.gov,

kneal@sandia.gov, wjrider@sandia.gov

MS60

Machine Learning for Single Particle Motion in
Plasmas

The application of machine learning to particle advance-
ment in kinematic plasma simulations is the motivation
behind this work. Fully kinetic particle-in-cell simulations
are necessary for resolution of high-frequency effects in
magnetic confinement fusion plasmas near the wall, but
the application of this simulation methodology to larger
domains of the plasma is limited by computational cost
and speed limitations. Both gyrokinetic and fully kinetic
particle-in-cell methods often employ the Boris-Bunemann
particle advancement algorithm due to its excellent long-
simulation-time accuracy and efficiency. This work dis-
cusses the implementation of machine learning in plasma
physics for the purpose of regression and classification tasks
relating to experimental and computational data. The im-
plementation of a neural network to the task of particle
advancement is addressed, where training data is provided
by the Boris-Bunemann algorithm with and without fre-
quency correction. The aim of this work is to implement a
neural network to accurately predict single charged parti-
cle motion in an electromagnetic field, capturing relevant
physical effects and potentially providing a computation-
ally efficient alternative to the Boris-Bunemann particle
advancement algorithm for use in kinematic plasma simu-
lations.
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MS61

DIRT: Tensorised Rosenblatt Transport for High-
Dimensional Stochastic Computation

Characterising intractable high-dimensional random vari-
ables is one of the fundamental challenges in stochas-
tic computation. It has broad applications in statisti-
cal physics, machine learning, uncertainty quantification,
econometrics, and beyond. The recent surge of transport
maps offers a mathematical foundation and new insights for
tackling this challenge. In this talk, we will present a func-
tional tensor-train (TT) based order-preserving construc-
tion of inverse Rosenblatt transport in high dimensions.
It characterises intractable random variables via couplings
with tractable reference random variables. By integrating
our TT-based approach into a nested approximation frame-
work inspired by deep neural networks, we are able to sig-
nificantly expand its capability to random variables with
complicated nonlinear interactions and concentrated den-
sity functions. We demonstrate the efficacy of the resulting
deep inverse Rosenblatt transport (DIRT) on a range of
applications in statistical learning and uncertainty quan-
tification, including parameter estimation for dynamical
systems, PDE-constrained inverse problems, and Bayesian
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filtering.
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Transport Information Flows for Bayesian Sam-
pling Problems

In AI and inverse problems, the Markov chain Monte Carlo
(MCMC) method is a classical model-free method for sam-
pling target distributions. A fact is that the optimal trans-
port first-order method (gradient flow) forms the MCMC
scheme, known as Langevin dynamics. A natural question
arises: Can we propose accelerated or high order optimiza-
tion techniques for MCMC methods? We positively answer
this question by applying optimization methods from opti-
mal transport and information geometry, known as trans-
port information geometry. E.g., we introduce a theoreti-
cal framework for Newton’s flows in probability space w.r.t.
the optimal transport metric. Several numerical examples
are given to demonstrate the effectiveness of the proposed
optimization-based sampling methods.

Wuchen Li
University of South Carolina
wuchen@mailbox.sc.edu

MS61

The Stein Geometry in Machine Learning: Gra-
dient Flows, Optimal Transport and Large Devia-
tions

Sampling or approximating high-dimensional probability
distributions is a key challenge in computational statistics
and machine learning. This talk will present connections
to gradient flow PDEs, optimal transport and interacting
particle systems, focusing on the recently introduced Stein
variational gradient descent methodology and some varia-
tions. The construction induces a novel geometrical struc-
ture on the set of probability distributions related to a pos-
itive definite kernel function. We discuss the corresponding
geodesic equations, infinitesimal optimal transport maps,
as well as large deviation functionals. This is joint work
with A. Duncan (Imperial College London), L. Szpruch
(University of Edinburgh) and M. Renger (Weierstrass In-
stitute Berlin).
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MS62

Gaussian Process Surrogate Modeling for Expen-
sive Experiments with Multiple Mesh Fidelities

With breakthroughs in scientific computing, computer sim-
ulations are quickly replacing physical experiments in mod-
ern scientific and engineering problems. Such simulations,
however, are very complex and time-consuming, and pre-
dictive models are used to emulate the expensive computer
code. In many problems, these simulations are often per-
formed in multiple stages, with the accuracy (or fidelities)
at each stage controlled by a tuning parameter. This pro-
vides a flexible multi-stage, multi-fidelity framework for ef-
ficiently simulating lower-fidelity training data. We pro-
pose a new Multi-stage Multi-Fidelity Gaussian process

(M2GP) model, which leverages this multi-stage, multi-
fidelity simulation data to efficiently train a probabilistic
emulator for the high-fidelity, expensive computer code.
We provide recommendations of two non-stationary ker-
nel specifications which work well in different scenarios.
The improvement of M2GP over existing methods is then
demonstrated in numerical experiments, an application to
emulation of cantilever beam deflection under stress, and
an application to emulation of heavy-ion collisions, which
shed light on the origins of the Universe shortly after the
Big Bang.
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MS62

Hybrid Multilevel Monte Carlo Polynomial Chaos
Method for Global Sensitivity Analysis

Sensitivity Analysis supports the development of mathe-
matical models by studying how the variability of a mod-
els output can be assigned to the different sources of un-
certainty (and their interactions). Unfortunately, in the
context of high-fidelity computer simulations, Global Sen-
sitivity Analysis (GSA) often requires thousands of model
evaluations, which practically make its computational cost
intractable. In this contribution, we propose to alleviate
the GSA cost by employing a multifidelity (MF) approach.
MF approaches fuse information from several sources, e.g.
models with a varying discretization, and are, in general,
more efficient than their single fidelity counterparts. In
particular, we show how Multilevel Monte Carlo (MLMC)
can be used to accelerate the GSA workflow, by serving
as a tool for the non-intrusive spectral projection step,
which requires a quadrature in a potentially large space, in
the construction of a polynomial chaos expansion (PCE).
Subsequently, main and total effect Sobol indices may be
computed analytically from the PCE coefficients, enabling
efficient GSA. The sample allocation of our MLMC-PCE
method is derived as an optimal solution targeted at the
GSA statistics of interest, e.g. first order or total Sobol
indices. We will present several numerical results based on
verification problems and we will discuss the comparison
of our GSA method with other MF GSA approaches and
their single-fidelity counterpart.
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MS62

Optimal Experimental Design for MFNets: Ap-
plications to Bayesian Learning of Multi-Fidelity
Data-Driven Surrogates

This work examines optimal experimental design proce-
dures for a Bayesian multi-fidelity uncertainty quantifica-
tion framework, called MFNets. The framework is used to
construct a surrogate from different information sources of
varying cost and accuracy. The main benefits of MFNets
include its ability to utilize non-hierarchical training data
and the flexibility of the underlying directed acyclic graph
which MFNets uses to encode connections between infor-
mation sources. To select the most informative designs for
the surrogate construction from a set of candidates, we con-
sider several design criteria, such as maximizing a poste-
rior variance or minimizing a posterior integrated variance.
We demonstrate the experimental design for MFNets in
synthetic and physics-based examples, and also compare
the MFNets-based results with other state-of-the-art ap-
proaches, e.g., the classical co-Kriging model.
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MS62

Building Multiscale Representations and Surrogate
Using a Greedy Approach

Multiscale strategies have been effectively used for physics
and data driven modeling tasks in several communities
such as PDE solvers, signal processing and statistical learn-
ing. The current talk introduces a novel weighted multi-
scale kernel based statistical surrogate, that greedily learns
the structure of the underlying physics using a sparsity con-
straint. This presentation will provide a general analysis
of the approximation properties for the proposed method,
guidelines for setting up algorithmic hyperparameters, and
experimental results demonstrating stability and robust-
ness of predictions and approximations with respect to
widely used surrogate models such as Gaussian Processes.
The theoretical results presented for the proposed method
will be further justified by surrogate construction for rain
induced debris flow simulations (shallow water type system
of equations). Additionally, we will cover details on how
such a model can be used for uncertainty quantification
and propagation in the modeling pipeline.
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MS63

Higher-Order Quasi-Monte Carlo Rules for Do-
main Uncertainty Quantification Using Periodic
Random Variables

Domain uncertainty quantification is the study of how un-
certainties in the shape of a domain affect the output of
a computational model. In this talk, we discuss a param-
eterization for an uncertain domain using a random per-
turbation field in which a countable number of indepen-
dent random variables enter the random field as periodic
functions. The random field can be constructed to have a
prescribed mean and covariance function. As an applica-
tion, we design tailored quasi-Monte Carlo cubature rules
that achieve dimensionally independent, higher-order con-
vergence rates for high-dimensional numerical integration
problems associated with the output of an elliptic PDE
model problem subject to uncertainty in the domain shape.
In practice, the series expansion for the random perturba-
tion field needs to be truncated to a finite number of terms.
To this end, we also analyze the resulting dimension trun-
cation error as well as the finite element discretization error
of the PDE model problem. The theoretical rates are as-
sessed in an ensemble of numerical experiments.
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MS63

Various Search Algorithms for Good Lattice Rules

Lattice rules are among the most prominently studied
quasi-Monte Carlo methods to approximate multivariate
integrals. A rank-1 lattice rule to approximate a d-
dimensional integral is fully specified by its generating vec-
tor and its number of points. While there are many re-
sults on the existence of “good’ rank-1 lattice rules, there
are no explicit constructions for good generating vectors
for dimensions d ≥ 3. This is why one usually resorts to
computer search algorithms. Motivated by earlier work of
Korobov from 1963 and 1982, we present two variants of



Conference on Uncertainty Quantification (UQ22)                                                    8786 UQ22 Abstracts

search algorithms for good lattice rules and show that the
resulting rules exhibit a convergence rate in weighted func-
tion spaces that can be arbitrarily close to the optimal rate.
Moreover, contrary to most other algorithms, we do not
need to know the smoothness of our integrands in advance,
the generating vector will still recover the convergence rate
associated with the smoothness of the particular integrand,
and, under appropriate conditions on the weights, the error
bounds can be stated without dependence on d.
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Scaled Lattice Rules for Integration on Rd Achiev-
ing Higher-Order Convergence

In this talk, we show that by simply scaling lattice rules
from the unit cube [0, 1]d to properly sized boxes on Rd,
taking into account all errors, we can achieve higher-order
convergence in approximating an integral on Rd where the
order of convergence matches the smoothness of the inte-
grand function in a certain Sobolev space of dominating
mixed smoothness. Our method only assumes that we can
evaluate the integrand function f and does not assume a
particular density nor the ability to sample from it. In
particular for the analysis we show that the method of
adding Bernoulli polynomials to a function to make it “pe-
riodic’ on a box without changing its integral value over
the box, is equivalent to an orthogonal projection from a
well chosen Sobolev space of dominating mixed smoothness
to an associated periodic Sobolev space of the same domi-
nating mixed smoothness, which we call a Korobov space.
We conduct numerical experiments comparing with (i) di-
rect product of Gauss–Hermite quadrature, (ii) Sparse grid
based on Gauss–Hermite, and (iii) scaled interlaced Sobol’
sequence. This talk is based on Dirk Nuyens and Yuya
Suzuki, ”Scaled lattice rules for integration on Rs achieving
higher-order convergence with error analysis in terms of or-
thogonal projections onto periodic spaces,” arXiv preprint
arXiv:2108.12639, 2021.
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Approximation Properties of Two-Layer Neural
Networks with Values in a Banach Space

Approximation properties of infinitely wide neural net-

works have been studied by several authors in the last
few years. New function spaces have been introduced
that consist of functions that can be efficiently (i.e., with
dimension-independent rates) approximated by neural net-
works of finite width. Typically, these functions are sup-
posed to act between Euclidean spaces, typically with a
high-dimensional input space and a lower-dimensional out-
put space. As neural networks gain popularity in inher-
ently infinite-dimensional settings such as inverse prob-
lems and imaging, it becomes necessary to analyse the
properties of neural networks as nonlinear operators act-
ing between infinite-dimensional spaces. In this talk, I will
present dimension-independent Monte-Carlo rates for neu-
ral networks acting between Banach spaces with a partial
order (vector lattices), where the ReLU no linearity will be
interpreted as the lattice operation of taking the positive
part.
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On the Approximation Theory of Operator Learn-
ing Architectures

In this talk, I will present recent work on the approximation
theory of operator learning architectures, including Deep-
ONets and Fourier Neural Operators (FNOs). By a general
decomposition of the error into encoding, approximation
and reconstruction errors, both upper and lower bounds on
the total error can be derived. The lower bounds represent
fundamental limitations of current architectures. Potential
ways to overcome such limitations by suitably modifying
these architectures will be discussed. The abstract error
and complexity estimates are then illustrated for prototyp-
ical examples of advection-dominated operators associated
with hyperbolic PDEs. For these concrete examples, it is
shown that the fundamental limitations faced by operator
learning frameworks such as DeepOnets and FNOs can be
overcome by our proposed neural operator architecture.
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MS64

Deep Learning and Accelerated Algorithms for
High-Dimensional Hilbert-Valued Functions from
Limited Data

Reconstructing high-dimensional functions taking values in
abstract spaces is a key challenge arising in many mathe-
matical modeling and computational science applications,
e.g. computational uncertainty quantification (UQ). Such
problems are often posed in terms of parameterized partial
differential equations (PDEs) taking values in a Hilbert or
Banach space. Tackling this problem is difficult due to the
large expense of obtaining samples and high problem di-
mensionality. The last decade has seen huge advances in
algorithms for such problems based on compressed sensing
(CS), enabling stable and accurate resolution of Hilbert-
valued functions from limited amounts of sampling data.
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Simultaneously, deep neural networks (DNNs) have begun
to emerge as promising tools for scientific computing. Our
novel approach to this problem is fully algorithmic, com-
bining CS techniques, orthogonal polynomial and finite el-
ement discretization, and efficient first-order optimization
schemes with acceleration based on the weighted Square-
Root LASSO decoder for Hilbert-valued functions. We also
present DNN approaches for the Banach-valued case, in-
cluding an algorithm and full theoretical analysis with ex-
plicit guarantees on the error and sample complexity. Our
theoretical results for DNNs present a clear accounting of
all sources of error. We present a general result for both
classes of functions and conclude with the main application
for a specific class of parametric PDEs.

Sebastian Moraga, Ben Adcock, Nick Dexter
Simon Fraser University
sebastian moraga scheuermann@sfu.ca,
ben adcock@sfu.ca, ndexter@sfu.ca

Simone Brugiapaglia
Department of Mathematics and Statistics
Concordia University
simone.brugiapaglia@concordia.ca

MS64

Exploiting Jacobian Information in Parametric
Surrogate Modeling

Outer-loop problems arising in scientific applications (such
as optimization, uncertainty quantification and inverse
problems) require repeated evaluation of computationally
intensive numerical models, such as those arising from dis-
cretization and solution of ordinary and partial differential
equations. The cost of these evaluations makes solution
using the model prohibitive, and efficient accurate surro-
gates are a key to solving these problems in practice. In this
talk we will discuss how compressed derivative information
can be exploited to aid the design of parsimonious neural
network architectures to be deployed in high dimensional
inference. These reduced-basis architectures outperform
conventional data-driven approaches when limited training
data are available due to computational costs of evaluating
high dimensional nonlinear PDEs.
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Delta-UQ: Accurate Uncertainty Quantification via

Anchor Marginalization

TBD...
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MS65

Trustworthy Machine Learning via Logic Inference

Advances in machine learning have led to rapid and
widespread deployment of learning based inference and de-
cision making for safety-critical applications, such as au-
tonomous driving and security diagnostics. Current ma-
chine learning systems, however, assume that training and
test data follow the same, or similar, distributions, and
do not consider active adversaries manipulating either dis-
tribution. Recent work has demonstrated that motivated
adversaries can circumvent anomaly detection or other ma-
chine learning models at test time through evasion attacks,
or can inject well-crafted malicious instances into training
data to induce errors in inference time through poisoning
attacks. In this talk, I will describe my recent research
about security and privacy problems in machine learning
systems. In particular, I will introduce several adversarial
attacks in different domains, and discuss potential defen-
sive approaches and principles, including game theoretic
based and knowledge enabled robust learning paradigms,
towards developing practical robust learning systems with
robustness guarantees.
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Information-Preserving Bayesian Models for Effi-
cient and Robust Learning

TBD..
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Locally Valid and Discriminative Prediction Inter-
vals for Deep Learning Models

Crucial for building trust in deep learning models for crit-
ical real-world applications is efficient and theoretically
sound uncertainty quantification, a task that continues to
be challenging. Useful uncertainty information is expected
to have two key properties: It should be valid and discrimi-
native . Moreover, when combined with deep learning (DL)
methods, it should be scalable and affect the DL model per-
formance minimally. Most existing Bayesian methods lack
frequentist coverage guarantees and usually affect model
performance. The few available frequentist methods are
rarely discriminative and/or violate coverage guarantees
due to unrealistic assumptions. Moreover, many methods
are expensive or require substantial modifications to the
base neural network. Building upon recent advances in
conformal prediction and leveraging the classical idea of
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kernel regression, we propose Locally Valid and Discrim-
inative (LVD) prediction intervals, a simple, efficient and
lightweight method to construct discriminative prediction
intervals (PIs) for almost any DL model. With no assump-
tions on the data distribution, such PIs also offer finite-
sample local coverage guarantees. We empirically verify,
using diverse datasets, that besides being the only locally
valid method for DL, LVD also exceeds or matches the
performance of existing uncertainty quantification meth-
ods, while offering additional benefits in scalability and
flexibility.
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Necessary and Sufficient Conditions for Asymptot-
ically Optimal Linear Prediction of Gaussian Pro-
cesses on Compact Metric Spaces

Optimal linear prediction (aka. kriging) of a random field
{Z(x)}x∈X indexed by a compact metric space (X , dX ) can
be obtained if the mean value function m : X → R and the
covariance function � : X×X → R of Z are known. We con-
sider the problem of predicting the value of Z(x∗) at some
location x∗ ∈ X based on observations at locations {xj}nj=1

which accumulate at x∗ as n → ∞ (or, more generally, pre-
dicting ϕ(Z) based on {ϕj(Z)}nj=1 for linear functionals
ϕ, ϕ1, . . . , ϕn). Our main result characterizes the asymp-
totic performance of linear predictors (as n increases) based
on an incorrect second order structure (m̃, �̃), without any
restrictive assumptions on �, �̃ such as stationarity. We, for
the first time, provide necessary and sufficient conditions
on (m̃, �̃) for asymptotic optimality of the corresponding
linear predictor holding uniformly with respect to ϕ. These
general results are illustrated by weakly stationary Gaus-
sian fields on X ⊂ Rd, and for non-stationary SPDE-based
generalized Whittle-Matrn fields.
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Solving PDEs via Gaussian Processes

Solving PDEs is a fundamental task in scientific comput-
ing. Recently there has been a growing interest in automat-
ing the solution process by casting the task as a machine
learning problem. This talk is concerned with a simple
Gaussian process framework that addresses this problem
with some theoretical guarantee. We will present several
successful numerical examples in nonlinear elliptic PDEs,
time-dependent PDEs, high dimensional PDEs, and inverse
problems. We will also discuss the efficient implementation
of this algorithm by generalizing ideas in fast algorithms for
Gaussian processes and hierarchical parameter learning.
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Statistical Finite Element Methods for Nonlinear
Partial Differential Equations

I will present a statistical finite element method for non-
linear, time-dependent phenomena, illustrated in the con-
text of nonlinear internal waves (solitons). The statistical
finite element method (statFEM) is a statistical augmenta-
tion of the finite element method that enables model-data
synthesis through the admission of model misspecification
inside of the governing equations, as represented by a Gaus-
sian process. The method is Bayesian, coherently updates
model mismatch upon receipt of observed data, and is ap-
plicable to a wide range of problems across science and
engineering for which finite element methods are appropri-
ate. I’ll first introduce the statFEM, before detailing the
method for nonlinear problems. I’ll conclude the talk by
discussing a case study of the Korteweg-de Vries equation
for solitons, applying the method to experimental data.
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Balancing Numerical and Statistical Accuracy in
the SPDE Approach to Gaussian Processes

The stochastic partial differential equation approach to
Gaussian processes (GPs) represents Matérn GP priors in
terms of n finite element basis functions and Gaussian coef-
ficients with sparse precision matrix. Such representations
enhance the scalability of GP regression and classification
to datasets of large size N by setting n ≈ N and exploit-
ing sparsity. In this talk we reconsider the standard choice
n ≈ N through an analysis of the estimation performance.
We demonstrate that under mild conditions one can set
n � N without hindering the estimation accuracy, leading
to a second layer of computational gain.
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Reliability-Based Inversion: Stepwise Uncertainty
Reduction Strategies?

In the design and analysis of computers experiments, ”in-
version” refers, broadly speaking, to the problem of finding
the values of the inputs of a model that lead to outputs with
given properties. In such problems, the object of interest
is a subset of the input space, or its volume under a given
measure. Robust formulations of the inversion problem,
where the objective is to solve an inversion problem with
respect to a given subset of the input variables in the pres-
ence of uncertainty on the others, are particularly impor-
tant in many applications. We focus in this talk on a partic-
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ular robust formulation, which we call ”Reliability-Based
Inversion” (RBI), in which the objective is to solve an in-
version problem for a quantile of the output with respect
to the uncertain variables of the model (or, equivalently,
for the probability of exceeding a given threshold). In this
setting, we use the Stepwise Uncertainty Reduction (SUR)
paradigm, which has proved fruitful for simpler variants
of the inversion problem, to construct efficient sequential
sampling strategies for the RBI problem.
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Laboratoire des signaux et systèmes
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Calibration of Neutronic Models based on Bayesian
Linear Regression and Sobol-Based Sensitivity
Analysis

When comparisons are made between experimental mea-
surements and predictions using a numerical model, differ-
ences due to the uncertainty of the model input variables
may arise. Consequently, when the numerical discrepancy
of the simulator is estimated, an erroneous bias may be
obtained. Therefore, to achieve an uncertainty quantifica-
tion in better agreement with reality, the calibration of the
uncertain input variables is necessary. However, the high
CPU cost of the simulator used prevents from a direct cal-
ibration. A widely accepted approach consists of approxi-
mating the simulator by CPU-time inexpensive emulator.
The input uncertainties here come from tiny manufacturing
tolerances in the assembly and core composition. There-
fore, an approach based on the small perturbations regime
can be considered to build a simplified physical model on
which a linear model is estimated in a Bayesian framework.
In addition, a sensitivity analysis based on Sobol’s indices
is analytically performed to assess the impact of emulator
parameter uncertainty. It shows that it is possible to use
the maximum a posterior of the emulator parameters in
a plug-in approach without introducing additional bias in
the calibration process. Built upon this approximation, a
posterior distribution associated with each of the uncertain
core parameters is obtained from Bayesian calibration with
experimental results.
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Adaptive Yield Optimization with Mixed Gradient
Information

Uncertainties in the manufacturing process of electromag-
netic components may lead to rejections due to malfunc-
tioning of the device. The uncertain design parameters
can be modelled as random variables. Then, the yield is
the probability of success, i.e., the probability that a de-
vice fulfills all pre-defined performance requirements under
consideration of manufacturing uncertainties. A straight-
forward approach for yield estimation is the Monte Carlos
analysis (MC). However, since the performance require-
ments typically include solving partial differential equa-
tions (PDEs) numerically, MC becomes computationally
prohibitive. Therefore, a surrogate model based on Gaus-
sian process regression (GPR) is used for the underlying
PDEs. Further, we modify the design of the device in or-
der to maximize the yield, i.e., to improve the reliability
of the manufacturing process. In this setting, the partial
derivatives with respect to some optimization variables can
be obtained easily, for others not. Thus, for the optimiza-
tion we propose a modified version of Powells BOBYQA
algorithm, using gradient information if available. During
the optimization process, the MC sample size is increased
adaptively. This work is supported by the Excellence Ini-
tiative of the German Federal and State Governments and
the Graduate School of Computational Engineering at TU
Darmstadt.
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The ICSCREAM Methodology: Identification of
Penalizing Configurations in Computer Experi-
ments using Screening and Metamodel Applica-
tions in Thermal-Hydraulics

In the framework of risk assessment in nuclear accident
analysis, best-estimate computer codes, associated to a
probabilistic modeling of the uncertain input variables, are
used to estimate safety margins. A first step is often to
identify the critical configurations (or penalizing, in the
sense of a prescribed safety margin) of several input pa-
rameters (called “scenario inputs”), under the uncertainty
on the other input parameters. However, the large CPU-
time cost of most of the codes involves to develop highly
efficient strategies. To achieve it with a very large num-
ber of inputs and from a small-size sample of simulations,
a specific and original methodology, called ICSCREAM
(Identification of penalizing Configurations using SCREen-
ing And Metamodel), has been proposed. The screening of
influential inputs is based on an advanced global sensitivity
analysis indices, namely the Hilbert-Schmidt Independence
Criterion. Then, a Gaussian process metamodel is sequen-
tially built and used to estimate, within a Bayesian frame-
work, the conditional probabilities of exceeding a high-level
threshold, according to the scenario inputs. The efficiency
of this methodology is illustrated on a high-dimensional (
hundred inputs) use case simulating an accident of primary
coolant loss in a pressurized water reactor. The study fo-
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cuses on the peak cladding temperature (PCT) and critical
configurations are defined by exceeding the 90%-quantile of
PCT.
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Spatialised Generalized Lambda Distribution for
Risk-Averse Bayesian Optimisation

We consider here the global optimisation of a stochastic
black-box system, which objective function (output) given
a set of decision parameters (inputs) is a random variable
of unknown distribution. The standard approach is to op-
timize the function expectation and assume that the dis-
tribution around the mean is identical for all inputs (i.i.d.
noise). In this work, we focus on the case where the shape
as well as the amplitude of the distribution may change
significantly within the input space. Further, we wish to
design risk-averse strategies to account for the variability in
the objective. Our contribution is threefold: 1- We propose
a new flexible surrogate model to provide an approxima-
tion of the entire distribution of the objective at any input
point. To do so, we “spatialise’ the so-called generalised
lambda distribution, by modelling its parameters as la-
tent Gaussian processes. Inference is made possible by the
use of variational approaches. 2- We review the stochastic
dominance concepts to compare distributions and charac-
terise a set of incomparable inputs (i.e. optimal in the
Pareto sense). 3- Using sequential Monte-Carlo concepts,
we propose an algorithm to estimate this set while account-
ing for the GP uncertainties, and define a sequential sam-
pling strategy based on this estimation. Our proposition is
illustrated on several challenging toy problems.
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Inference via Surrogate Data

Inference through data and mathematical modeling is par-
ticularly challenging for dynamical systems with noisy
data, model uncertainties, and unknown mechanisms.
Here, parameter and uncertainty estimation problems are
typically ill-posed, meaning solutions do not exist, are not
unique, or do not depend continuously on the data. Infer-
ence depends on the proper inclusion of prior knowledge.
In this talk, we propose and discuss surrogate data to reg-
ularize ill-posed problems. We present various examples to
illustrate the advances gained by surrogate data.
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Ranking and Selection Trade-Offs in Multiobjec-
tive Simulation Optimization

In multiobjective optimization, several conflicting objec-
tives are optimized simultaneously. The goal is to find or
approximate a (discrete) set of Pareto-optimal solutions
that reveal the essential trade-offs between the objectives,
where optimality means that no objective can be improved
without deteriorating the quality of any other objective.
We consider a setting where the objectives have to be ob-
served through stochastic simulation, which may lead to
two possible errors: solutions that are actually Pareto-
optimal can be wrongly considered dominated, or solutions
that are truly dominated are wrongly considered Pareto-
optimal. We propose a Bayesian method to reduce the
number of misclassification errors when identifying the so-
lutions with the true best expected performance. We use
stochastic kriging metamodels to build reliable predictive
distributions of the objectives, and exploit this informa-
tion in two sampling criteria: one looks at the distance be-
tween the sample mean and the predicted mean, and the
other one looks at the expected change in hypervolume.
We use these criteria in a sequential sampling algorithm to
decide how to allocate samples. Experimental results show
that the proposed method only requires a small fraction of
samples compared to the standard allocation method, and
it’s competitive against the state-of-the-art, with the ex-
ploitation of the correlation structure being the dominant
contributor to the improvement.

Sebastian Rojas Gonzalez
Ghent University
sebastian.rojasgonzalez@ugent.be

Juergen Branke
Warwick Business School
The University of Warwick
juergen.branke@wbs.ac.uk

Inneke Van Nieuwenhuyse
Quantitative Methods
Hasslet University
inneke.vannieuwenhuyse@uhasselt.be

MS68

Learning and Deploying Active Subspaces on
Black-Box Simulators

Surrogate modeling of computer experiments via local
models, which induce sparsity by only considering short
range interactions, can tackle huge analyses of complicated
input-output relationships. However, narrowing focus to
local scale means that global trends must be relearned over
and over again. We first demonstrate how to use Gaussian
processes to efficiently perform a global sensitivity analysis
on an expensive black box simulator. We next propose a
framework for incorporating information from this global
sensitivity analysis into the surrogate model as an input
rotation and rescaling preprocessing step. We further dis-
cuss applications to derivative free optimization. Numeri-
cal experiments on observational data and benchmark test
functions provide empirical validation.
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Optimal Experiment Design for Hyperpolarized
MRI Measurements

Traditional magnetic resonance imaging (MRI) plays a sig-
nificant role in the diagnosis of cancer and treatment de-
cisions; however, MRI is insufficient to estimate the ag-
gressiveness of the disease, defined as the rate of growth of
cancer cells. A new emerging MRI measurement, Hyper-
polarized (HP) MRI, provides enhanced insights into the
tissue’s metabolism and a way to identify the aggressive
and less aggressive tumor colonies. HP MRI is based on
the pyruvate-to-lactate reaction, and the rate of pyruvate-
to-lactate exchange informs about cells’ aggressiveness; a
higher rate is an indication of a high-grade tumor. In HP
MRI, the intensities of magnetization of polarized pyruvate
and lactate are recorded multiple scan times. These inten-
sities are used to fit a model parameter, rate of pyruvate-to-
lactate exchange, using either the least square or Bayesian
method. The control or design parameters in HP MRI ex-
periments include the time intervals between consecutive
scans and the flip angles at different scans. Our goal is to
formulate an optimal experimental design problem to re-
cover model parameters from the measurements accurately.
First, we will present OED results using the low-fidelity HP
MRI model based on ordinary differential equations. Next,
we will describe the OED formulation using the PDE-based
model, where model parameter of interest is treated as a
spatially varying field. Finally, we will highlight key chal-
lenges and present numerical results near end of the talk.
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MS69

Transport Map-Based Bayesian Optimal Experi-
mental Design

The Bayesian optimal experimental design is essential in
many fields of science and engineering, especially when
each experiment is expensive and resources are limited.
Given a prior and a design-dependent likelihood function,
we would like to choose the design that maximizes the ex-
pected information gain (EIG) in the posterior. Efficient
and accurate estimation of EIG therefore becomes crucial.
We introduce a flexible transport-map based framework
that enables fast estimation of EIG by solving only convex
optimization problems. This framework is also compatible
with implicit models, where one can simulate from the like-
lihood but the conditional probability density function of
the data is unknown. Several estimators naturally appear
within our framework—in particular, positively and nega-
tively biased estimators that provide bounds for the true
EIG. We explore the bias and variance of our estimators
and study the optimal allocation between the training and
the evaluation samples given a fixed number of samples.
We then demonstrate the performance of our approach us-
ing both a linear and a nonlinear example.
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MS69

Exploring Bayesian Optimal Experimental Designs
for High-Dimensional Combustion Systems

An optimal experimental design can reduce the overall time
and expense needed to acquire valuable experimental data.
This is achieved by focusing research efforts on experi-
mental conditions that are most informative based on the
analysis of a computer model. In this talk, we consider
a Bayesian optimal experimental design for inferring pa-
rameters of a chemically reacting system subject to both
parametric and model uncertainty. A physics-based model
was developed to simulate the gas-phase reactions occur-
ring between highly reactive intermediate species in a high-
pressure photolysis reactor coupled to a mass spectrometer.
This model depends on a high-dimensional input parame-
ter representing the uncertain physics, instrument, and re-
action rate parameters. We employ Bayesian optimization
to search across a constrained design space, identifying the
experimental condition that maximizes the expected infor-
mation gain. Computational challenges in this optimiza-
tion procedure and evaluating the expected information
gain are discussed in the context of the high-dimensional
physics model. We present our key findings and discuss
strategies and trade-offs for efficiently computing optimal
designs for high-dimensional models.
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MS69

Projected Neural Network for Nonlinear Bayesian
Optimal Experimental Design

We present a deep learning framework for optimal experi-
mental design (OED). OED seeks to design an optimal data
acquisition such that uncertainties in the parameters of a
Bayesian inverse problem are minimized. The resulting op-
timization problem requires numerous evaluations of a suit-
able optimality criterion, for which inner Bayesian inverse
problems must be solved. This is computationally pro-
hibitive for large-scale forward models (e.g. discretizations
of PDEs) and high-dimensional parameters. To reduce the
computational cost, we develop a deep learning framework
that constructs a projected neural network (PNN) to parsi-
moniously learn the parameter-to-observable map. We use
the PNN as a surrogate to accelerate the evaluation of the
optimality criterion and the OED optimization. Numeri-
cal results are presented to demonstrate the accuracy and
efficiency of this framework.
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MS70

Understanding the Mis-Match Between Generat-
ing and Model-Estimated Dynamics When Esti-
mating Models with Sparse Data

Using data assimilation to estimate models from sparsely
measured, oscillatory, non-stationary systems is difficult.
Several solutions have been posed to mitigate this data
sparsity problem, but every solution tends to induce new
problems without robustly estimating data. In the con-
text of model-based estimationdata assimilationof biomed-
ical data from the glucose-insulin system, solutions that
have been used to mitigate the data sparsity problem will
be presented. These solutions induce unexpected problems,
and while several of these problems will be discussed, the
focus of the talk will be on a problem that has been par-
ticularly vexing: the induced mismatch between generat-

ing dynamics and inferred-model dynamics. The talk will
conclude with a discussion of proposed solutions to these
problems.
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MS70

Dynamics-Aware Measure Transport for Bayesian
Filtering of Chaotic Dynamical Systems

Data assimilation in high-dimensional chaotic systems is
a recurring challenge across disciplines, from meteorology
to aerospace engineering. Despite theoretical results on
the dynamics of the Bayesian update, including connect-
ing its stability to observability, the ergodic properties as
well as the local tangent space decomposition of the under-
lying chaotic dynamics have not been rigorously exploited
in Bayesian filtering algorithms. Here, we aim to connect
the concentration properties of the filtering recursion to ob-
servations on the unstable manifold. Moreover, we exploit
this connection to improve the computational feasibility of
the transport-based stochastic map filter of Spantini et al
2019, which, in principle, provides a consistent approxima-
tion to the filtering distribution. Specifically, we propose
computation of transport maps in which both the state and
observations are projected on the unstable manifold, which
is approximated using particle evolutions and the tangent
linear dynamics. Such a dimension reduction technique
in the fully Bayesian setting parallels the extensive devel-
opment of rank reduction using the unstable subspace in
algorithms based on Kalman updates, such as the extended
Kalman filter.
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Probabilistic Gradients for Fast Calibration of Dif-
ferential Equation Models

Calibration of large-scale dynamical system models to ob-
servational or experimental data is a widespread challenge
throughout applied sciences and engineering. A crucial
bottleneck in state-of-the art calibration methods is the
calculation of local sensitivities, which often necessitates
several numerical solves of the underlying system of par-
tial or ordinary differential equations. In this talk I present
a new probabilistic approach to computing local sensitiv-
ities. The proposed method has several advantages over
classical methods. Firstly, it operates within a constrained
computational budget and provides a probabilistic quan-
tification of uncertainty incurred in the sensitivities from
this constraint. Secondly, information from previous sen-
sitivity estimates can be recycled in subsequent computa-
tions, reducing the overall computational effort for iterative
gradient-based calibration methods.
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Subsampling in Ensemble Kalman Inversion

Inverse problems seek to find parameters that generate a
set of observed data in a mathematical model. Several
methods have been proposed to solve inverse problems such
are optimisation and Bayesian approaches. In this talk,
we consider the Ensemble Kalman Inversion (EKI) which
has been recently introduced as an efficient, gradient-free
method. Based on the continuous-time Ensemble Kalman
Filter, it uses an ensemble of particles and a linearisation
technique to essentially estimate the posterior distribution
in an underlying Bayesian inverse problem. Unfortunately,
the algorithm becomes inefficient or even computationally
infeasible if the considered data set is too large. A similar
problem appears in large-scale optimisation with gradient
descent algorithms in, e.g., machine learning. Here, ran-
domised algorithms like stochastic gradient descent (SGD)
have become popular: those use only a random subset of
the data in each iteration. These are so-called subsampling
techniques. Based on a recent analysis of a continuous-time
representation of SGD, we propose, analyse, and apply a
subsampling-technique within EKI. Indeed, we propose two
different subsampling techniques: either every particle ob-
serves the same data subset or every particle observes a
different data subset. We present convergence results of
the method (and some variants) in the setting of linear
inverse problems. Then we illustrate our results in PDE-
based inverse problems and image reconstruction.
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MS71

Deep Reinforcement Learning for Stochastic Op-
timal Control of Complex Systems under Con-
straints

Life-cycle stochastic control for intervention planning in
deteriorating engineering environments entails a series of
complex mathematical analysis steps. At every decision
step, (i) the value of noisy data has to be assessed so that
inspection and monitoring decisions are guided; (ii) model
and state updating has to be conducted based on efficient
probabilistic inference from available measurements; (iii)
state-altering actions have to be optimized based on their
long-term effects and availability of resources; and (iv) un-
certainty propagation has to be performed so that future
risks are quantified. The above essential methodological
components have been mostly approached fragmentarily
by existing methods. In this talk, we discuss how recent
developments in multi-agent constrained Partially Observ-
able Markov Decision Processes and Deep Reinforcement
Learning can provide a broad unified framework. Emphasis
is given on original actor-critic DRL architectures recently
developed by the authors, tailored to engineering environ-
ments under partial observability and various deterministic

or stochastic constraints. It is shown that immense state
spaces can be successfully supported, whereas the consid-
eration of factored multi-actor architectures prevents the
emergence of combinatorial action spaces. Applications
to several stochastically deteriorating engineering systems
exemplify the efficiency of the developed algorithms com-
pared to existing state-of-the-art techniques.
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MS71

On-the-Fly Reduced Order Modeling with Time
Dependent Basis

Parametric uncertainty quantifications (UQ) and sensitiv-
ity analysis of multi-scale time-dependent problems are
cost-prohibitive especially in cases with a large number
of parameters. On the other hand, many of these high-
dimensional problems have a much lower intrinsic dimen-
sionality, that if discovered, can mitigate the curse of di-
mensionality. This calls for techniques that extract and
exploit correlated structures directly from the partial dif-
ferential equations (PDE). We present a matrix/tensor
reduced-order modeling framework, in which the corre-
lated structures are extracted directly from the multi-
dimensional PDE. This bypasses the need to generate data
as it is required in data-driven dimension reduction tech-
niques. These structures are exploited by building on-the-
fly reduced-order models (ROM). The correlated structures
are represented by a set of time-dependent orthonormal
bases and their evolution is prescribed by the physics of the
problem. We present several demonstration cases including
reduced-order modeling of reactive species transport equa-
tion in turbulent combustion as well as sensitivity analysis
and uncertainty quantification in fluid dynamics problems.

Hessam Babaee
University of Pittsburgh
h.babaee@pitt.edu

MS71

Riemannian Manifold Hamiltonian Monte Carlo
Based Subset Simulation for Reliability Analysis
InNon-Gaussian Space

In this talk, we present the Riemannian Manifold Hamilto-
nian Monte Carlo-based subset simulation (RMHMC-SS)
method. The RMHMC-SS has been developed to over-
come the limitations of existing Monte Carlo methods in
solving reliability problems defined in highly-curved non-
Gaussian spaces. RMHMC generates an optimal trajec-
tory for Markov chain evolutions in a Hamiltonian con-
structed on the Riemannian manifold. Compared to the
Hamiltonian Monte Carlo-based subset simulation (HMC-
SS) approach, the RMHMC-SS performs better in handling
highly-curved probability distributions. The talk intro-
duces the theory, principles, and limitations of RMHMC-
SS and shows a series of benchmark examples.

Marco Broccardo
ETH Zurich
marco.broccardo@unitn.it



Conference on Uncertainty Quantification (UQ22)                                                    9594 UQ22 Abstracts

Weiming Chen
Earthquake Engineering Research & Test Center,
Guangzhou Uni
303805224@qq.com

Ziqi Wang
University of California, Berkeley
ziqiwang@berkeley.edu

Junho Song
Seul National University
junhosong@snu.ac.kr

MS71

Deep Bayesian Spline Learning for Closed-Form
Equation Discovery of Nonlinear Dynamics with
Quantified Uncertainty

Nonlinear dynamics are ubiquitous in scientific and engi-
neering applications. Discovering closed-form governing
equations in these fields can help us understand and predict
the behavior of complex dynamic systems. In the past few
years, extensive work has been done in this field. However,
accounting for considerable data noise and quantifying the
identified system’s uncertainty from noisy data is challeng-
ing, and relevant literature is still limited. To bridge this
gap, we develop a Bayesian deep spline learning frame-
work to identify closed-formed governing equations from
corrupted data with quantified uncertainty. The proposed
method includes (1) Gaussian-mean fields variational infer-
ence to approximate the intractable posterior distribution
for the learning parameters, (2) physics-informed Spline-
based network to accurately estimate the local derivatives
from noisy data, (3) dictionary-based sparse regression for
constructing the relevant physical terms, 4) alternative di-
rection optimization (ADO) for systematically approximat-
ing L0 sparsity constraints. The proposed algorithm will
be evaluated on a group of classic nonlinear dynamical sys-
tems in terms of predictive accuracy and uncertainty quan-
tification.
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MS72

Fast Surrogate Model for Predicting Spatiotempo-
ral Physics in Mesh-Reduced Space based on Tem-
poral Attention and Graph Neural Network

Developing surrogate models that enable fast state predic-
tions is of great importance for uncertainty quantification
(UQ) analysis. It is extremely challenging to build an accu-
rate surrogate for predicting physics with spatiotemporal
behavior. Graph-based next-step prediction models have
recently been very successful in modeling complex high-
dimensional physical systems on irregular meshes, but suf-
fer from error accumulation and drift, due to their short
temporal attention span. In this paper, we present a new
mesh-reduced graph neural network (GNN) that leverages

the multi-attention mechanism in temporal space. We use
a GNN to locally summarize features and create coars-
ened, compact mesh representation of the system state,
onto which we apply a transformer-style temporal attention
module. A second GNN decodes these predictions back to
a full-sized graph and performs fine-scale updates. Our
method outperforms a competitive GNN baseline on three
complex fluid dynamics prediction tasks, from sonic shocks
to vascular flow. We demonstrate stable rollouts without
the need for training noise, and show perfectly phase-stable
predictions even for very long sequences. More broadly, we
believe our approach paves the way to bringing the benefits
of GNNs and attention-based sequence models to surrogate
modeling of complex physics for UQ purposes.
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Spectral Deep Operator Networks

DeepONets have recently become a popular method of ap-
proximating non-linear operators using neural networks,
which has many applications to the field of numerically
solving PDEs and more. This talk proposes an exten-
sion of DeepONets named Spectral DeepONets, where the
functions are inputted to the network using a spectral de-
composition as opposed to its values on fixed sensors as is
commonly done. We showcase a Universal Approximation
Theorem for this new type of network and present some
case studies of its efficiency. Spectral DeepONets not only
broaden the possibilities where DeepONets can be applied,
they can also be used as a mean of dimensionality reduc-
tion, and can improve accuracy when noise is present in
the data.
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Learning Solution Operators of Elliptic PDEs from
Matrix Vector Products

In this work, we show that solvers of elliptic boundary value
problems in d dimensions can be approximated to accuracy
� from only O (

log(N) logd(N/�)
)
matrix-vector products

with carefully chosen vectors (right-hand sides). The solver
is only accessed as a black box, and the underlying operator
may be unknown and of an arbitrarily high order. Our al-
gorithm (1) has complexity O (

N log2(N) log2d(N/�)
)
and
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represents the solution operator as a sparse Cholesky fac-
torization with O (

N log(N) logd(N/�)
)

nonzero entries,
(2) allows for embarrassingly parallel evaluation of the solu-
tion operator and the computation of its log-determinant,
(3) allows for O (

log(N) logd(N/�)
)
complexity computa-

tion of individual entries of the matrix representation of
the solver that in turn enables its recompression to an
O (

N logd(N/�)
)
complexity representation. We include

rigorous proofs of these results, and to the best of our
knowledge, the proposed algorithm achieves the best trade-
off between accuracy � and the number of required matrix-
vector products of the original solver. From a statisti-
cal learning point of view, our results provide an example
where incorporating geometric information in the learning
algorithm leads to an exponentially reduced sample com-
plexity for learning PDEs.
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Learning Low-Dimensional Models from Noisy
State Trajectories with Operator Inference and Re-
Projection

This work investigates learning reduced models from noisy
data of polynomially nonlinear dynamical systems. In the
absence of noise, operator inference with data sampling
via re-projection guarantees the recovery of the very same
reduced operators that are obtained with traditional intru-
sive model reduction. In this work, we consider trajecto-
ries polluted with zero-mean Gaussian noise and show that
the recovery guarantee holds in expectation. Furthermore,
building on matrix concentration inequalities, we derive
upper bounds in terms of the signal-to-noise ratio for the
expected error of predictions made with the inferred model.
The error analysis motivates a design of experiments to
control the noise-to-signal ratio by judiciously selecting in-
puts at which to query the high-dimensional system. Nu-
merical experiments demonstrate the derived error bounds
and show that the proposed design of experiments reduces
the expected error by several factors compared to a uni-
form sampling of the high-dimensional systems. This is
joint work with Yuepeng Wang and Yuxiao Wen.
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Investigating Atmospheric Carbon Dioxide and
Solar-Induced Chlorophyll Fluorescence (SIF) us-
ing Functional ANOVA

Data sampled densely in space and time have become in-
creasingly abundant as a result of advances in modern tech-
nology, particularly in the field of remote sensing. How-
ever, the presence of complex dependence, large data vol-

umes, and current computational limitations have made
many classical inferential approaches practically infeasible.
In this work, we develop an analysis of variance (ANOVA-
type) method for functional data that allows comparisons
among groups of time series with complex spatio-temporal
dependence. We utilize this method to study the joint
behavior of atmospheric carbon dioxide and solar-induced
chlorophyll fluorescence (SIF), an indicator of photosyn-
thetic activity. Satellite-based estimates of these variables
are available from NASAs Orbiting Carbon Observatory-2
(OCO-2) mission. The proposed method provides robust
and interpretable tests which are used to investigate carbon
cycle dynamics, and the relationship between atmospheric
carbon dioxide and SIF.
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Forward Model Emulator for Orbiting Carbon
Observatory-2 Satellite’s Co2 Retrieval Inverse
Problem

In recent years, satellite-based observations of atmospheric
carbon dioxide (CO2) concentrations have emerged as a
means of providing data with global coverage and high spa-
tial resolution. Satellite instruments like Orbiting Carbon
Observatory (OCO-2 & OCO-3) measure absorbed solar
radiation as radiances, from which a retrieval algorithm is
used to infer atmospheric CO2 concentrations. Many fur-
ther use cases, such as Carbon Flux Inversion, impose strict
requirements for the accuracy of this data, and thus apply-
ing rigorous Uncertainty Quantification (UQ) is extremely
important for assessing how well the data product can be
trusted. A major computational bottleneck in conducting
UQ experiments, such as Observing System Uncertainty
Experiments and Markov Chain Monte Carlo sampling, is
the repeated evaluation of a computationally expensive at-
mospheric radiative transfer physics model. To remedy
this computational problem, we propose and implement a
Gaussian Process based statistical emulator for the Full
Physics forward model used in OCO-2 satellites CO2 re-
trieval algorithm. The computationally inexpensive emu-
lator accurately predicts the outputs of the Full Physics
forward model, providing additionally an estimate of un-
certainty for the predictions.
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Optimizing Confidence Intervals for Satellite-
Based Carbon Flux Inversion

Steadily increasing atmospheric carbon dioxide (CO2) con-
centration is largely responsible for the observed radiative
forcing in Earth’s climate system over the last century. In-
ference of land-air carbon fluxes from satellite-based CO2
observations helps uncover the responsible locations and
mechanisms. Doing this is an ill-posed, likelihood-free in-
verse problem for which a Bayesian data assimilation is the
usual approach to obtain regularized estimation and un-
certainty quantification. From a frequentist perspective,
such estimates can have nonnegligible bias and coverage
issues. Using GEOS-Chem and the GEOS-Chem Adjoint,
we directly obtain confidence intervals for linear spatio-
temporal functionals via convex optimization such that
frequentist coverage is guaranteed. This approach is par-
ticularly well-suited for this problem since we do not have
access to an explicit forward model. Using a variety of con-
straints, we optimize a collection of intervals and compare
and contrast them against conventional Bayesian intervals
obtained through a Monte Carlo method.

Michael Stanley, Mikael Kuusela
Carnegie Mellon University
mcstanle@andrew.cmu.edu, mkuusela@andrew.cmu.edu

MS74

Verification Strategies for High-Order Eulerian
Vlasov Codes

For many fields of applied science and engineering, high-
order accurate numerical methods are potentially orders-
of-magnitude more efficient than their low-order counter-
parts. This efficiency opens many interesting possibili-
ties for simulation including larger ensemble calculations,
larger system sizes, or more complex and coupled physics
models. Verification of such a high-order accurate code is a
critical step in the development of a practical tool. In this
talk, we verification strategies employed in the high-order
accurate Vlasov code LOKI. A unique approach to manu-
factured solutions demonstrates high-order convergence (in
this case 4th and 6th order accuracy) for problems that are
near to physically relevant cases. Subtleties in extracting
the decay rate and frequency for Landau Damping are also
discussed, and high-order accuracy is obtained.
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Introducing the Method of Rotated Solutions to
Streamline Code Verification

The purpose of code verification is to provide mathemati-
cal evidence that a scientific computing software platform
is free of bugs in the source code and that the numeri-
cal algorithms are consistent. The Method of Exact So-
lutions (MES) and the Method of Manufactured Solutions
(MMS) are the currently accepted approaches for calcu-
lating the observed order of accuracy, which is the most
stringent evidence that the numerical algorithms are error-
free. And while both methods are well-established, inher-
ent drawbacks are limiting their utilization. This presenta-

tion will outline the Method of Rotated Solutions (MRS),
which relies on coordinate transformation(s) of traditional
engineering problems to generate analytical solutions with
non-zero values for all equation terms in all required co-
ordinate directions. The example of pressure-driven flow
in a circular pipe will be used to demonstrate the MRS
procedure. This solution has traditionally been viewed as
having limited applicability in code verification studies be-
cause all inertial terms and all but one of the viscous terms
in the Navier-Stokes are identically zero. The example will
illustrate how MRS transforms this uni-axial flow solution
into a set of equations that can be used to fully verify a
three-dimensional, laminar CFD code.
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Finding Confidence and Meaning in Verification

Verification seems like a fairly simple prospect, but this
simplicity belies some harsh realities. Conduct mathemat-
ically well-defined tests of a code to show correctness or
estimate error. Mesh convergence is utilized in both cases.
For code verification this requires an analytic solutions to
be used. For solution verification a sequence of conver-
gent calculations are used to estimate errors. At the core
of both activities is the Lax Equivalence Theorem, but its
applicability is highly limited. First, it only applies to lin-
ear equations and virtually all our applications are non-
linear. It states that the combination of consistency and
stability implies convergence. In the process of verification
demonstrated stability is implied, and instead consistency
is demonstrated via convergence. Its application is essen-
tially. an act of faith. More broadly the idiosyncrasies
of mathematical theory plays a key role in verification
and proper interpretation of the results. A broad range
of results from hyperbolic PDEs can be used to demon-
strate a host of important theory explaining results and
the proper expectations. When examining the results the
theory should be integrated into the assessment. This is
particularly true in solution verification where the practi-
calities of modeling realistic phenomena often rule out reg-
ularity in the model or the solution. The result are lower
rates of convergence and large errors that are predictable
given the theory.
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Verification and Validation Method for An Acous-
tic Mode Prediction Code for Turbomachinery
Noise

As airport noise limitations become more restrictive over
time, reducing aircraft takeoff and landing noise remains
a prominent issue in the aviation community. One popu-
lar method to reduce aircraft noise is using acoustic liners
placed on the walls of the engine inlet and exhaust ducts.
These liners are designed to reduce the amplitude of acous-
tic modes emanating from the bypass fan as they propa-
gate through the engine. The SWIRL code is a frequency-
domain linearized Euler equation solver that is designed
to predict the effect of acoustic liners on acoustic modes
propagating in realistic sheared and swirling mean flows,
guiding the design of more efficient liner configurations.
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The purpose of this study is to validate SWIRL using the
Method Of Manufactured Solutions (MMS). This study
also investigated the effect of the integration and spatial
differencing methods on the convergence for a given Man-
ufactured Solution. In addition, the effect of boundary
condition implementation was tested. The improved MMS
convergence rates shown for these tests suggest that the re-
vised SWIRL code provides more accurate solutions with
less computational effort than the original formulation.

Jeffrey Severino
The University of Toledo
jeffrey.severino@rockets.utoledo.edu

MS75

Physics-Informed and Data-Driven Predictive
Models with Quantified Uncertainty

Solving partial differential equations (PDEs) is the canon-
ical approach for understanding the behavior of physical
systems. In this work, we proposed a general physics-
constrained neural network (NN) approach to solve PDEs
without labels, where the loss functions of NNs are ex-
pressed in terms of the discretized residual of PDEs. We
studied both deterministic and probabilistic NNs, with
Bayesian NNs (BNNs) for the latter to further quantify
the epistemic uncertainty from model parameters and the
aleatoric uncertainty from noise in the data. In our ap-
proach, both problem domains and boundary conditions
(BCs) are specified as inputs to NNs, which allows a well-
trained NNs to readily make predictions for new BCs
and new domains orders faster than traditional numeri-
cal methods. We demonstrate the capacity and perfor-
mance of the proposed framework by applying it to differ-
ent steady-state and equilibrium boundary value problems
(BVPs) with physics that spans diffusion, linear and non-
linear elasticity. The proposed method is shown to work
for both small and large datasets, where the number of
BVPs solved by a single NN ranges from one to hundreds
of thousands. The trained NN solvers demonstrate a de-
gree of success at interpolated/extrapolated predictions for
new BCs and new domains that they were not exposed to
during training. This framework is important for problems
where high-throughput solutions of PDEs are desired in
support of design and decision-making.
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MS75

Efficient Derivative-Free Bayesian Inference for
Large-Scale Inverse Problems

We consider Bayesian inference for large scale inverse prob-
lems, where computational challenges arise from the need
for repeated evaluations of an expensive forward model.
This renders most of Markov chain Monte Carlo methods
infeasible, since they typically require O(104) model runs.
Moreover, the forward model are often given as a black
box and may be impractical to differentiate. Therefore
derivative-free algorithms are highly desirable. We pro-
pose a framework, which is built on Kalman methodology,
to efficiently calibrate and provide uncertainty estimations

of such models with noisy observation data. Theoretical
guarantees for linear inverse problems are provided. Prac-
tical strategies, including low-rank approximation and a
bi-fidelity approach, to further reduce the computational
and memory cost of Kalman methodology, are presented.
The effectiveness of the framework is demonstrated on sev-
eral numerical experiments, including proof-of-concept lin-
ear/nonlinear examples and two applications: learning of
permeability parameters in subsurface flow; and learning
subgrid-scale parameters in a general circulation model
from time-averaged statistics.
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MS75

Model-Constrained Bayesian Neural Networks

While Bayesian Neural Networks facilitate uncertainty
quantification for neural network prediction, the uncer-
tainty is questionable using Gaussian priors on the weights
and biases. Clearly, weights/biases are artificial quanti-
ties/parameter and thus Gaussian priors are the matter of
convenience instead of rationale. In this talk we present of
one of the first attempts to construct a meaningful priors
on the weights/biases. Theoretical results will be presented
and various numerical results will be provided to justify our
approach.
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MS75

Multi-Variance Replica Exchange Sgmcmc for In-
verse and Forward Problems via Bayesian Pinn

Physics-informed neural network has been successfully ap-
plied in solving a variety of nonlinear non-convex forward
and inverse problems. However, the training is challeng-
ing because of the non-convex loss functions and the mul-
tiple optima in the Bayesian inverse problem. We pro-
pose a multi-variance replica exchange stochastic gradient
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Langevin dynamics method to tackle the challenge. Two
chains with different temperatures are designed where the
low temperature chain aims for the local convergence, and
the target of the high temperature chain is to explore the
whole loss function entropy landscape. However, it may
not be efficient to use the vanilla replica method since the
it doubles the computational cost in evaluating the for-
ward solvers. To address this issue, we propose to make
different assumptions on the energy function estimation
and one can use solvers of different fidelities in the likeli-
hood function evaluation. Our proposed method lowers the
computational cost in the high temperature chain, mean-
while preserves the accuracy and converges fast. We give
an unbiased estimate of the swapping rate and give an esti-
mation of the discretization error of the scheme. To verify
our idea, we solve four inverse problems which have mul-
tiple modes. The proposed method is also employed to
train the Bayesian PINN to solve the forward and inverse
problems; faster and more accurate convergence has been
observed when compared to the vanilla replica exchange
methods.
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MS76

Training Reduced Deep Networks for Nonlinear
Model Reduction

Deriving reduced models is challenging if the latent dy-
namics of the high-dimensional system are dominated
by nonlinear behavior that renders linear approximations
in classical low-dimensional approximation spaces ineffi-
cient (slowly decaying Kolmogorov n-width). Transport-
dominated problems describing wave-type phenomena,
strong convection, and phase transitions with sharp gra-
dients typically lead to such latent dynamics. This presen-
tation discusses model reduction methods for construct-
ing nonlinear reduced models that seek approximations
on manifolds, rather than in subspaces, and so lead
to efficient dimensionality reduction even for transport-
dominated problems. The proposed reduced models are
compositions of multiple layers of approximations and can
be interpreted as deep neural networks with reduced layers.
Numerical results demonstrate that the proposed models
can be efficiently trained from few data points and ap-
proximate well transport-dominated dynamics with fewer
degrees of freedom than traditional, linear reduced models.
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MS76

Trends in Model Reduction for Flow Control Prob-
lems with Random Inputs

This talk focuses on tailored reduced order techniques for
parametrized Optimal Control Problems (OCP(μ)s) gov-
erned by Partial Differential Equations (PDE(μ)s) under
the action of random inputs. Stochastic PDE(μ)s describe
uncertainty in the considered setting and, together with
statistical analysis, are an asset to reach more reliable sim-
ulations. Moreover, OCP(μ)s increase the model accu-
racy, filling the gap between equations and collected data.
A deep analysis of such complicated problems relies on

an unbearable amount of simulations. Thus, we propose
weighted reduced order methods (w-ROMs) to solve the
stochastic OCP(μ)s to accelerate Monte Carlo simulations.
Namely, a low dimensional framework is built, exploiting
the probability distribution of the underlying parameters.
Besides this information, we also study the influence of sev-
eral quadrature rules on the numerical approximation of
the problem. The methodology is validated with numeri-
cal tests in environmental sciences, a field where stochastic
OCP(μ)s are a tool of utmost usefulness to reach accurate
predictions. Two numerical experiments are presented: a
pollutant control in the Gulf of Trieste and a model fore-
cast of the North Atlantic ocean dynamic [G. Carere, M.
Strazzullo, F. Ballarin, G. Rozza, and R. Stevenson, A
weighted POD-reduction approach for parametrized PDE-
constrained Optimal Control Problems with random in-
puts and applications to environmental sciences. Submit-
ted,2021].
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MS76

Stabilization in Time Series Learning for Transport
Dominated Problems by Neural Networks

In this talk, we consider the use of residual neural networks
for the approximation of time series arising from reduced
order modeling of hyperbolic systems. It is well understood
that such residual networks are quite similar to time step-
ping methods for ODEs/PDEs. For hyperbolic problems,
the latter require a careful choice of the discretization in
order to obtain stable methods. In the talk, we observe
that such instabilities can manifest as ill conditioned loss
functions for the training of corresponding neural networks,
requiring excessively small learning rates and complicating
the learning process. While hand-crafted penalty terms
may alleviate the problem, we consider a more automated
way to learn a stabilization for a class of interrelated prob-
lems that eases the loss function and thus simplifies the
training process.
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MS77

All-at-Once Model Tuning for Multifidelity Sam-
pling

Computational simulation continues to advance in its pre-
dictive capability through the development of high-fidelity
multi-physics/multi-scale simulation models, with unprece-
dented resolution enabled by the latest high-performance
computers. Uncertainty quantification (UQ) methodolo-
gies are challenged in this environment, both by the pro-
hibitive cost of computing high-fidelity ensembles and by
the increasing number of uncertainty sources that is often
induced by this model complexity. One strategy to ad-
dress these challenges is to harness the utility that exists
within an ensemble of model forms and resolution levels
in order to control multiple sources of error while optimiz-



100 Conference on Uncertainty Quantification (UQ22)UQ22 Abstracts 99

ing the allocation of simulation resources. An important
challenge that is commonly encountered in practice is the
need to identify predictive low fidelity approximations that
can be effective within a multifidelity setting. Given a set
of hyper-parameters that govern the balance of accuracy
versus cost for one or more low fidelity models, one can
formulate an optimization problem to tune these models
in order to provide the greatest utility. Here, we propose
performing this optimization within the context of a partic-
ular statistical estimator and employing an all-at-once ap-
proach to minimizing the estimator’s variance. Our initial
demonstrations will focus an sampling approaches, espe-
cially multifidelity Monte Carlo (MFMC) and approximate
control variates (ACV).
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MS77

Analysis of Multifidelity Monte Carlo Applied to
Chaotic Systems

Multifidelity Monte Carlo methods rely upon correlations
between models to generate high accuracy estimators of
statistics of interest at minimal computational cost. When
the forward model is chaotic or stochastic, the effects of
finite sampling in each forward run tend to reduce the cor-
relations between model below what they would be with
infinite sampling. While the reduction in these correlations
tends to reduce the effectiveness of multifidelity methods, it
also introduces additional parameters of the forward simu-
lation that may be optimized to improve performance. Ex-
amples of such parameters include the averaging time when
approximating the expectation in simulating an ergodic
chaotic system and the number of particles in particle-in-
cell-based simulations. In general, these parameters con-
trol the finite-sampling error in each forward simulation,
enabling increased correlations between models at different
levels at the cost of more expensive forward simulations. In
this talk we explore these trade-offs both analytically and
computationally for model problems based on the Lorenz
equations and the Vlasov-Poisson equations.
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MS77

Efficient Multifidelity Strategies for Uncertainty

Quantification of Non-Deterministic Models

Multifidelity (MF) approaches for uncertainty quantifica-
tion aim to improve the predictivity of high-fidelity com-
putational models by leveraging information from different
sources which vary in both accuracy and cost. Common
across engineering disciplines, non-deterministic solvers
(ones with an uncontrollable source of stochasticity) are
candidates for both low- and high-fidelity information
sources. Examples are found in turbulent flow simula-
tions, particle-in-cell methods for plasmas, and stochas-
tic modeling of material microstructures. MF methods
exploit correlations between models to learn the response
of quantities of interest to changes in the uncertain, con-
trollable input space in a more computationally efficient
manner. The intrinsically uncontrollable stochasticity of a
non-deterministic model weakens these correlations. The
stochastic noise can be mitigated by, e.g., running mul-
tiple simulations at the same point in input space or a
longer time-average of a chaotic system, but this increases
cost. Therefore, for a fixed computational budget, there
is a trade-off between exploring the input space and im-
proving the correlations at any one point. This leads to a
more complicated optimization problem whose solution is
both the allocation of samples amongst models as well as
the required averaging over the stochastic response. In this
talk, we explore the efficacy of common MF techniques for
various model hierarchies which include non-deterministic
models.
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MS77

Automating Model Selection and Tuning for Mul-
tifidelity UQ

This work focuses on developing strategies for optimal
model selection and tuning for multifidelity UQ methods.
In general, multifidelity estimators provide improved ac-
curacy and efficiency for estimating statistics of compu-
tationally expensive simulations by leveraging an ensem-
ble of low-fidelity models with lower cost. Existing work
has made significant progress on determining optimal sam-
ple allocations that lead to maximum variance reduction
for a given computational budget and a fixed collection
of models. However, the efficacy of multifidelity methods
is critically dependent on the characteristics of the mod-
els themselves, specifically the degree of correlation of the
low-fidelity models with the high-fidelity model, the cor-
relation amongst the low-fidelity models, and their rela-
tive computational cost. Furthermore, the cost/accuracy
of a low-fidelity model can often be easily tuned via model-
specific hyperparameters (e.g., the element size for a finite
element mesh or time step for a dynamic model). This
work investigates the open problem of optimal model se-
lection for multifidelity UQ methods by including model
tuning/selection within the sample allocation optimization
problem. The advantages of automating model selection in
this manner are demonstrated in the context of trajectory
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simulation for entry, descent, and landing applications.
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MS78

Computationally Efficient Methods for Large-Scale
Atmospheric Inverse Modeling with Mean Estima-
tion

Atmospheric inverse modeling describes the process of esti-
mating greenhouse gas fluxes or air pollution emissions at
the Earth’s surface using observations of these gases col-
lected in the atmosphere. In this talk we describe general-
ized hybrid projection methods, which are iterative meth-
ods for estimating surface fluxes. These algorithms confer
several advantages. They are efficient, in part because they
converge quickly, they exploit efficient matrix-vector mul-
tiplications, and they do not require inverting any matri-
ces. These methods are also also robust because they can
accurately reconstruct surface fluxes, they are automatic
since regularization or covariance matrix parameters and
stopping criteria can be determined as part of the itera-
tive algorithm, and they are flexible because they can be
paired with many different types of atmospheric models.
We demonstrate the benefits of generalized hybrid meth-
ods with a case study from NASA’s Orbiting Carbon Ob-
servatory 2 (OCO-2) satellite. We then address the more
challenging problem of solving the inverse model when the
mean of the surface fluxes is not known a priori; we do so by
reformulating hybrid projection methods using hierarchical
priors. We further show that by exploiting mathematical
relations provided by the generalized hybrid method, we
can efficiently calculate approximate posterior uncertain-
ties.
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Infemus: An Infinite-Dimensional Method for
Marginal Likelihood Estimation

We investigate applications of the Eigenvector Method
for Umbrella Sampling (EMUS) to the exploration of the
marginal likelihood in Bayesian models. This method is
more general, hence more efficient than popular algorithms

in this context, such as bridge sampling. We formulate in-
ference for the marginal likelihood as a function estimation
problem and appropriately combine EMUS with a Gaus-
sian process such that EMUS provides a data model with
a structured error distribution and the Gaussian process
prior imposes smoothness. Inference for the marginal like-
lihood proceeds by building on Gaussian process regression
ideas. Importantly, our framework allows for a dynamic
experimental design and the refinement of the lattice on
which EMUS is applied.
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On the Frequentist Accuracy of Bayesian Uncer-
tainty Quantification Procedures in Imaging Prob-
lems

One of the main strengths of Bayesian imaging strategies is
their ability to quantify uncertainty in the solutions deliv-
ered and support inferences such as hypothesis tests. If the
marginal distribution the unknown image were known and
used as a prior distribution in a Bayesian model, the prob-
abilities from a Bayesian analysis would also be valid in a
frequentist sense (i.e. Bayesian probabilities would coincide
with the frequencies obtained over many repetitions of the
same experiment). For example, if a large number of repli-
cate experiments were performed, the 95% Bayesian credi-
ble interval would cover the true image in 95% of the exper-
iments. However, the prior distributions used in Bayesian
imaging models are not specified this way. We conducted a
study in which the coverage properties, under a TV prior,
a TGV prior, and a Plug-and-Play (PnP) prior, were esti-
mated through Monte-Carlo. Using large image data-sets
as a sample from the distribution of the images (or class of
images) of interest, credible intervals were obtained from
samples of the posterior distribution using the MYULA (or
PnP-ULA) algorithm. The regularization parameters (for
the TV and TGV priors) were estimated using an empir-
ical Bayes approach. The methodology is illustrated on a
range of examples, such as non-blind deblurring and MRI
reconstruction from a limited number of radial lines. We
find that the credible intervals are conservative but highly
reliable, in the TGV and TV cases, and include the true
image with high probability. With PnP priors the credible
intervals were found to be overconfident.
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MS78

Learning Regularization Parameters via Stochastic
Bilevel Optimization: Consistency Analysis

One fundamental problem when solving inverse problems is
how to find regularization parameters. In this talk, we con-
sider solving this problem by using a data-driven approach
via bilevel optimization. The regularization parameter will
be adaptively learned from data by means of stochastic
optimization. Therefore, we formulate the corresponding
empirical risk minimization problem and analyze its perfor-
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mance in the large sample size limit for general nonlinear
problems. In order to reduce the associated computational
costs, we derive online numerical schemes using stochas-
tic gradient descent. Under suitable assumptions on the
forward problem we prove convergence of these numerical
schemes and demonstrate the applicability and efficiency in
numerical examples for various linear and nonlinear inverse
problems.
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MS79

Machine Learning Failure Probabilities from Multi-
Fidelity Models

Despite the use of efficient sampling methods, reliability
analysis for complex engineering systems remains a chal-
lenge, primarily due to the high computational cost of
evaluating the system response at each iteration. One
way around this challenge is to use Machine Learned sur-
rogates in tandem with multi-fidelity modeling to reduce
computation times while maintaining acceptable levels of
accuracy. Adopting this approach, our proposed frame-
work functions by estimating the high-fidelity (HF) model
predicted system state (safe/fail), using multiple pairs of
low-fidelity (LF) models and machine-learned corrections
(MLCs). These correction terms are trained using small
sets of HF and LF evaluations, and the information from
all the LF-MLC pairs are combined through a simple prob-
abilistic formulation to estimate the state of the system re-
sponse at any input point, i.e., whether the system lies in
the safety or the failure zone. No assumptions are made
on LF model types or correlations with the HF model. Us-
ing this compound state estimate, in conjunction with ac-
tive learning functions that check for acceptability of the
estimate and call the HF model when the estimates are
unacceptable, we conduct reliability analysis using Subset
Simulation (a variance-reduced MCMC method). Lastly,
our proposed framework is tested on several analytical case
studies to demonstrate its efficiency.
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MS79

Quantified Uncertainty for Safe Operation of Par-
ticle Accelerators

In order to achieve reliable deployment of deep learning
tools on safety-critical systems, such as particle accelera-
tors, the ability to make informed decisions under uncer-
tainty is crucial. Particle accelerators are noisy systems
that are difficult to control and operate safely and effi-
ciently. Characterizing the electron beam properties is key.
In this work, we aim to accurately and confidently predict
the electron beam properties by using various compositions
of neural networks to explore and enhance prediction un-
certainty and robustness. The results show that the deep

learning approach helps in situations that are beyond the
capabilities of conventional tools. We also show its robust-
ness against out-of-distribution inputs, and extract infor-
mation from the latent space representations. Providing
shot-to-shot estimates of beam properties will also help the
scientific users with their data analysis.
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MS79

Uncertainty-Aware Human-Machine Teaming in
Scientific AI and Simulation

Simulation has become an indispensable tool for re-
searchers across the sciences to explore the behavior of
complex, dynamic systems under varying conditions, in-
cluding hypothetical or extreme conditions. Recent ad-
vances in AI and ML applied to simulations help allevi-
ate significant bottlenecks in computation, such as physics-
infused learning for accelerated surrogate models in climate
science and nuclear energy, or in silico optimization of in
situ experiment- or sensor-design in particle physics and
materials science. However, on top of the existing chal-
lenges practitioners face working with simulations, scien-
tific computation and data, the addition of AI/ML injects
more complexities and uncertainties in already risk-averse
environments. It is thus more critical than ever to reli-
ably estimate uncertainties in data, models, and broader
system components such as sensors and feedback loops in-
volving downstream tasks and users. Uncertainty reason-
ing with AI and simulation systems is paramount for us-
ability and trust, and can further be leveraged to improve
human-machine teaming – uncertainty-aware systems lead
to human-machine synergies. This talk will explore the
current challenges and opportunities in the context of real-
world examples at the forefront of Earth systems and life
sciences.
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Hierarchical Multiscale Uncertainty Quantification
in Material Modeling

The macroscopic properties of materials and structures
that we observe and exploit in engineering applications re-
sult from complex interactions between physics at multiple
length and time scales: electronic, atomistic, defects, do-
mains, etc. Multiscale modeling seeks to understand the
interactions between these physics across scales. However,
assessing such interactions can be challenging due to the
complex nature of material properties and the prohibitive
computational cost of integral calculations. This talk will
focus on how to quantify the propagation of material un-
certainties across multiple scales. To this end, we exploit
the multiscale and hierarchical nature of material response
and develop a framework to quantify the overall uncer-
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tainty of material response induced by the uncertainties
at finer scales without the need for integral calculations.
Specifically, we bound the uncertainty at each scale and
then combine the partial uncertainties in a way that pro-
vides a bound on the overall or integral uncertainty. The
bound provides a conservative estimate on the uncertainty.
Importantly, this approach does not require integral calcu-
lations that are prohibitively expensive. Finally, the devel-
oped framework has been employed to investigate how ma-
terial uncertainties propagate from the single-crystal prop-
erties of magnesium to the ballistic performance of armor
structures.
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MS80

Petrov-Galerkin Methods for the Construction
of Non-Markovian Dynamics Preserving Nonlocal
Statistics

A common observation in the learning reduced model of
multiscale problems is the non-Markovian behavior, pri-
marily due to the lack of scale separations. To learn a high-
fidelity reduced model that gives rise to the correct non-
Markovian statistical properties, we propose a Galerkin
projection approach, which transforms the exhausting ef-
fort of finding an appropriate model to choosing appro-
priate subspaces in terms of the derivatives of the coarse-
grained variables, and at the same time, provides an accu-
rate approximation to the non-Markovian memory term.
We introduce the notion of fractional statistics that em-
bodies nonlocal properties. More importantly, we show
how to pick subspaces in the Galerkin projection so that
those statistics are automatically matched.
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Majorization Minimization-Based Laplace Approx-
imation for Bayesian Inverse Problems with Arbi-
trary Prior and Noise Models

We develop sampling based iterative methods for comput-
ing the solutions to large scale Gaussian prior Bayesian in-
verse problem when the data are contaminated by the pres-
ence of noise whose statistical properties are a combination
of different distributions. We consider the cases when the
data are contaminated by Poisson, Laplace or a mixture of
Poisson and Gaussian noise. The solution of the non-linear
optimization problem can be found by solving a sequence of
linear least square problems that arise from the linear ap-

proximation of the nonlinear problem at each iteration by a
majorization-minimization (MM) strategy with quadratic
tangent majorant, which allows the resulting least squares
problem to be solved by a Krylov subspace method. Nu-
merical examples from various applications and with ar-
bitrary prior and noise, illustrate the effectiveness of the
described framework.
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Dimension Reduction of the Posterior Distribution
from a Bayesian Inverse Problem

In this work, we develop a deep-learning technique to ad-
dress the dimension reduction for high-dimensional distri-
butions. We combine the canonical variational autoen-
coder (VAE) and a transport map called KRnet, where
VAE is used as a dimension reduction technique to cap-
ture the latent space, and KRnet is used to model the
distribution of the latent variables. The variational Bayes
approaches are usually based on the minimization of the
Kullback-Leibler (KL) divergence between the model and
the posterior, which often underestimates the variance if
the model capability is not sufficiently strong. To allevi-
ate the underestimation of variance, we include into the
loss the maximization of the mutual information between
the latent random variable and the original one. Numer-
ical experiments have been presented to demonstrate the
effectiveness of our model.
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An Autoencoder Based Deeponet for Dimension
Reduction, Operator Learning and Uncertainty
Quantification

Deep operator network(DeepONet) has recently been pro-
posed to deal with the problem of learning operators
through deep neural networks(DNNs). The network con-
sists of a branch net to encode the input functions and a
trunk net to encode the domain of the output functions.
DeepONet has small generalization error and the training
and testing errors decay quickly with the size of training
data. In this paper, we focus on the problem of learn-
ing operators in the form of stochastic differential equa-
tions(SDEs). For this kind of problem, it can be chal-
lenging by using DeepONet especially when the dimension
of the operator is very high. Thus we combine the au-
toencoder and DeepONet to build a new network: auto-
DeepONet. A convolutional encoder is designed to reduce
the dimensionality as well as discover the hidden features
of high-dimensional inputs. The decoder consists of two
DeepONets and they share a common branch net which
takes the hidden features as input and output a basis. The
first DeepONet is designed to reconstruct the input func-
tion involving randomness and the second DeepONet is
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used to find an approximation of the solution of desired
equations. By adding L1 regularization to the two trunk
nets, we found both the coefficients(outputs of trunk nets)
and the basis(outputs of branch net) are sparse. We con-
duct several numerical experiments to illustrate the effec-
tiveness of our proposed auto-DeepONet model with un-
certainty quantification.
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The Representation and Optimization of Monotone
Triangular Transports

We propose a general framework to robustly characterize
probability distributions by estimating triangular trans-
port maps. Transport maps deterministically couple two
distributions via a bijective transformation. Yet, learning
the parameters of such constrained transformations in high
dimensions is challenging given few samples from the un-
known target distribution, and structural choices for these
transformations can have a significant impact on their per-
formance and the optimization procedure for finding these
maps. Here we present a framework for representing and
learning monotone triangular maps, via invertible transfor-
mations of smooth functions, and demonstrate that the as-
sociated minimization problem has no spurious local min-
ima, i.e., all local minima are global minima.Given a hier-
archical basis for the appropriate function space, we pro-
pose a sample-efficient adaptive algorithm that estimates
a sparse approximation for the map. We demonstrate how
this framework can be applied for joint and conditional
density estimation, likelihood-free inference, and structure
learning of directed graphical models with stable general-
ization performance across a range of sample sizes.
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Diffusion Schrodinger Bridges - From Generative
Modeling to Posterior Simulation

Denoising diffusion models, also known as score-based gen-
erative models, have recently emerged as a powerful class
of generative models. They provide state-of-the-art re-
sults, not only for unconditional simulation, but also when
used to sample from complex posterior distributions aris-
ing in a wide range of inverse problems such as image in-
painting or deblurring. A limitation of these models is
that they are computationally intensive as obtaining each
sample requires simulating a non-homogeneous diffusion
process over a long time horizon. We show here how a
a Schrodinger bridge formulation of generative modeling
leads to a theoretically grounded algorithm shortening gen-
eration time which is complementary to other proposed ac-
celeration techniques. We further extend the Schrodinger

bridge framework to perform posterior simulation. We
demonstrate this novel methodology on various applica-
tions including image super-resolution and optimal filtering
for state-space models.
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MS81

Covariance-Modulated Optimal Transport

We study the properties of a generalized Wasserstein metric
space, where the L2 inner product of the dynamical formu-
lation is weighted by the covariance metric at this point in
probability space. Such a metric arises for example as the
mean-field limit of certain Ensemble Kalman methods such
as the Kalman-Bucy filter and the Ensemble Kalman Sam-
pler, providing a gradient flow structure. We introduce a
splitting into shape and moments that allows to generalize
a number of results for the classical Wasserstein metric.
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MS81

Towards Practical Estimation of Transport Maps

Given two probability distributions in Rd, a transport map
is a function which maps samples from one distribution into
samples from the other. For absolutely continuous mea-
sures, Brenier proved a remarkable theorem identifying a
unique canonical transport map, which is “monotone” in a
suitable sense. We study the question of whether this map
can be efficiently estimated from samples. The minimax
rates for this problem were recently established by Hut-
ter and Rigollet (2021), but the estimator they propose
is computationally infeasible in dimensions greater than
three. We propose two new estimators—one minimax op-
timal, one not—which are significantly more practical to
compute and implement. The analysis of these estimators
is based on new stability results for the optimal transport
problem and its regularized variants.
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MS82

Learning the Probability Distribution of Random
Initial States in Nonlinear Dynamical Systems Us-
ing Deep Neural Networks

We propose a new method to infer the joint probability
density (PDF) of random parameters and initial states in
nonlinear dynamical systems based on noisy measurements
of quantities of interest. The key idea is to minimize the
Kantorovich-Rubinstein dual of the Wasserstein distance
between the PDF of the systems state at a finite number
times and the PDF of the measurements. The evaluation
of this distance involves appending the dynamical flow to
a deep neural network architecture that allows us to sam-
ple the systems state efficiently. The resulting problem,
is solved using off the shelf optimization methods, and it
yields an accurate estimation of the joint PDF of the dy-
namical systems initial state and random parameters using
only partial state space measurements. We demonstrate
the new framework in prototype applications.
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MS82

Newton-Type Methods for Risk-Averse PDE-
Constrained Optimization Problems

This talk presents modifications of Newton-Conjugate Gra-
dient (CG) methods for risk-averse optimization problems
with PDE constraints, which substantially reduce the com-
putational cost. Risk-averse optimization formulations use
a risk measure penalize high-cost, rare events, but are com-
putationally difficult to solve as many risk measures such
as the Conditional Value-at-Risk (CVaR) or buffered prob-
ability of failure are non-smooth and require sampling in
the tail of a complex, unknown probability distribution.
Several optimization approaches for risk-averse optimiza-
tion, including direct smoothing, augmented Lagrangian,
or log-barrier methods lead to subproblems with smoothed
risk measures, which can be solved using Newton-CGmeth-
ods. The first modification overcomes difficulties resulting
from (near) rank-difficient Hessians, which arise from the
structure of smoothed risk measures. The other modifi-
cation exploits the structure of the risk measure to use
only a small number of samples to compute good approx-
imations of gradients and Hessians. We present conver-
gence result and apply our modified Newton-CG methods

to model problems arising from optimal control of PDEs
under uncertainty. In many examples, the modifications
reduce the solution cost by a factor of six.
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MS82

Multilevel Monte Carlo Estimators for Derivative-
Free Optimization under Uncertainty

In the field of optimization under uncertainty, we consider
nonlinear constrained optimization formulations that in-
clude stochastic parameters. The problems are based on
PDEs where we assume that derivatives are unavailable
and the underlying model is a black box. To handle such
stochastic optimization problems, we use measures of ro-
bustness like the expected value or a combination of ex-
pected value and standard deviation, to ensure that the
optimal solutions are robust with respect to the uncertain-
ties. Those measures can be estimated by using a single
level Monte Carlo method which, however, quickly becomes
computationally expensive due to its slow convergence. We
can improve the estimator efficiency by employing a multi-
level Monte Carlo approach, if a hierarchy of levels is avail-
able. In this work we show how a multilevel Monte Carlo
estimator has to be adapted to these problem formulations
and the respective optimization problems. We present mul-
tilevel Monte Carlo estimators for the standard deviation
and for the combination of mean and standard deviation.
We show that by using these estimators, which optimally
allocate resources for these target statistics, we can retain
the required accuracy, while also reducing the computa-
tional cost. We present the implementation for these esti-
mators in the software Dakota coupled with the optimiza-
tion software SNOWPAC and show results for benchmark
problems as well as more challenging numerical tests.

Friedrich Menhorn
Department of Informatics
Technical University of Munich
menhorn@in.tum.de

Gianluca Geraci
Sandia National Laboratories, NM
ggeraci@sandia.gov

Daniel T. Seidl
Sandia National Laboratories
dtseidl@sandia.gov

Youssef M. Marzouk
Massachusetts Institute of Technology
ymarz@mit.edu

Michael S. Eldred
Sandia National Laboratories
Optimization and Uncertainty Quantification Dept.
mseldre@sandia.gov

Hans-Joachim Bungartz
Technical University of Munich, Department of
Informatics



106 Conference on Uncertainty Quantification (UQ22)UQ22 Abstracts 105

Chair of Scientific Computing in Computer Science
bungartz@in.tum.de

MS82

Solving and Learning Nonlinear PDEs with Gaus-
sian Processes

We introduce a simple, rigorous, and unified framework
for solving nonlinear partial differential equations (PDEs),
and for solving inverse problems (IPs) involving the iden-
tification of parameters in PDEs, using the framework of
Gaussian processes. The proposed approach: (1) provides
a natural generalization of collocation kernel methods to
nonlinear PDEs and IPs; (2) has guaranteed convergence
for a very general class of PDEs, and comes equipped with
a path to compute error bounds for specific PDE approx-
imations; (3) inherits the state-of-the-art computational
complexity of linear solvers for dense kernel matrices. Most
traditional approaches to IPs interleave parameter updates
with numerical solution of the PDE; our algorithm solves
for both parameter and PDE solution simultaneously. This
is a joint work with Yifan Chen, Bamdad Hosseini and An-
drew Stuart. The corresponding paper can be found at
Journal of Computational Physics Volume 447, 2021 and
arXiv:2103.12959
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MS83

Entropy-Based Adaptive Design for Contour Find-
ing and Estimating Reliability Conservation

In reliability analysis, methods used to estimate failure
probability are often limited by the costs associated with
model evaluations. Many of these methods, such as multi-
fidelity importance sampling (MFIS), rely upon a compu-
tationally efficient, surrogate model like a Gaussian process
(GP) to quickly generate predictions. The quality of the
GP fit, particularly in the vicinity of the failure region(s), is
instrumental in supplying accurately predicted failures for
such strategies. We introduce an entropy-based GP adap-
tive design that, when paired with MFIS, provides more
accurate failure probability estimates and with higher con-
fidence. We show that our greedy data acquisition strategy
better identifies multiple failure regions compared to exist-
ing contour-finding schemes. We then extend the method
to batch selection, without sacrificing accuracy. Illustra-
tive examples are provided on benchmark data as well as
an application to an impact damage simulator for National
Aeronautics and Space Administration (NASA) spacesuits.
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MS83

Exploring the Building Blocks of Adaptive Sam-
pling Methods for Kriging

Metamodels aim to approximate characteristics of func-
tions or systems from the knowledge extracted on only a
finite number of samples. In recent years Gaussian pro-
cess regression or Kriging has emerged as a widely applied
surrogate technique for resource-intensive computational
experiments due to its statistical fundamentals. However
its prediction quality is highly dependent on the size of its
dataset and the distribution of the given training points.
Hence, in order to build proficient Kriging models with as
few samples as possible, adaptive sampling strategies have
gained considerable attention in the last 30 years. These
techniques aim to find relevant sample points in an iterative
manner based on information extracted from the current
metamodel. In this talk we present an overview of the ba-
sic ideas and goals of adaptive sampling with a focus on
Kriging. We do this by exposing characterizing features of
existing methods which allow us to identify the building
blocks of commonly applied adaptive sampling techniques.
We show how these blocks can be combined to build effi-
cient and reliable sampling approaches and highlight this
based on examples found in the literature. Finally, we of-
fer insights on best practices and compare the performances
of different state-of-the-art techniques on benchmark prob-
lems.
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MS83

Active Learning Approaches to Simulation-Driven
Design in Marine Engineering

The design of complex industrial systems like aerial,
ground, and water-borne vehicles demands the use of high-
fidelity numerical solvers with fine computational grids to
accurately assess the design performance and make sound
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design decisions. The latter can be achieved by combin-
ing computational fluid dynamics simulation solvers with
a shape/design modification tool and an optimization algo-
rithm into an automatic simulation-driven design optimiza-
tion (SDDO) framework. Since the optimization algorithm
may require a large number of function evaluations to con-
verge to the final solution, especially if a global optimum is
desired, the computational cost of SDDO could become un-
affordable. To reduce the computational cost of the SDDO,
supervised active learning (SAL) methods have been devel-
oped and successfully applied in several engineering fields.
Specifically, herein SAL is intended as surrogate models
(supervised learning; e.g., radial basis functions and Gaus-
sian process) with adaptive sampling procedures or infill
criteria (active learning). The use of four active learning
approaches is presented and discussed for single- and multi-
fidelity surrogate models, applied to analytical benchmarks
and SDDO problems in marine engineering.
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MS83

Batch-Sequential Design and Heteroskedastic Sur-
rogate Modeling for Delta Smelt Conservation

Delta smelt is an endangered fish species in the San Fran-
cisco estuary that have shown an overall population de-
cline over the past 30 years. Researchers have developed
a stochastic, agent-based simulator to virtualize the sys-
tem, with the goal of understanding the relative contri-
bution of natural and anthropogenic factors suggested as
playing a role in their decline. However, the input config-
uration space is high-dimensional, running the simulator
is time-consuming, and its noisy outputs change nonlin-
early in both mean and variance. Getting enough runs
to effectively learn input–output dynamics requires both
a nimble modeling strategy and parallel supercomputer
evaluation. Recent advances in heteroskedastic Gaussian
process (HetGP) surrogate modeling helps, but little is
known about how to appropriately plan experiments for
highly distributed simulator evaluation. We propose a
batch sequential design scheme, generalizing one-at-a-time
variance-based active learning for HetGP surrogates, as a
means of keeping multi-core cluster nodes fully engaged
with expensive runs. Our acquisition strategy is carefully
engineered to favor selection of replicates which boost sta-
tistical and computational efficiencies when training sur-
rogates to isolate signal in high noise regions. Design and
modeling performance is illustrated on a range of toy ex-
amples before embarking on a large-scale smelt simulation
campaign and downstream high-fidelity input sensitivity
analysis.
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MS84

High-Dimensional Bayesian Optimization at Scale

Bayesian optimization is a powerful framework that lever-
ages uncertainty quantification to efficiently solve black-
box optimization problems. Much work in this area has
focused on optimization problems where the objective func-
tion is highly expensive to evaluate, where one is limited
to a few hundred evaluations at most. However, many of
the most interesting optimization problems today are chal-
lenging for entirely different reasons. For example, a sci-
entist that wants to optimize the properties of a molecule
may have access to libraries of millions of known molecules
and their properties, but may still find the problem dif-
ficult due to the extreme dimensionality and structured
nature of the input space. In this talk, I will discuss an
adaptation of Bayesian optimization to these large scale
structured optimization problems. To accomplish this, we
develop an approach that scales to millions of observa-
tions, optimizes high dimensional problems efficiently, and
even handles structured or discrete inputs. We demon-
strate that Bayesian optimization can achieve state-of-the-
art performance on several popular molecule optimization
benchmark problems by large margins, and show similar
performance on a variety of other tasks.
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MS84

A Probabilistic, Data-Driven Framework for Inter-
pretable Surrogates of Dynamical Systems

Despite recent successes from applications of data-driven
methods in the field of computational physics, signifi-
cant challenges remain especially in the context of mul-
tiscale systems and in Small-Data regimes. Given high-
dimensional time-series data from a multiscale dynamical
system, we present a probabilistic framework that simul-
taneously addresses the tasks of dimensionality reduction
and model compression by identifying interpretable repre-
sentations, which capture slow-varying features and whose
dynamics are guaranteed to be stable. These representa-
tions are beneficial as they enable fully probabilistic recon-
structions of the high-dimensional system into the future
with the help of a suitable coarse-to-fine map and deliver
interpretable insights about the structure and dynamics
of the system. The coarse-to-fine map is parametrized
by deep neural networks and incorporates an intermedi-
ate layer of latent variables that can reconstruct the full
high-dimensional system with a linear mapping. By ap-
plying a sparsity prior at this intermediate layer we make
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sure to identify the smallest amount of variables needed
to linearly reconstruct the system. We apply our method
to small amounts of simulation data of high-dimensional
physical systems and are able to characterize the systems
by the learned features, to generate extrapolative predic-
tions and to capture the predictive uncertainty due to the
information loss because of dimension and model-order re-
duction.
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Output-Weighted Sampling for Multi-Armed Ban-
dits with Extreme Payoffs

We present a new type of acquisition functions for on-
line decision making in multi-armed and contextual ban-
dit problems with extreme payoffs. Specifically, we model
the payoff function as a Gaussian process and formulate
a novel type of upper confidence bound (UCB) acquisi-
tion function that guides exploration towards the bandits
that are deemed most relevant according to the variability
of the observed rewards. This is achieved by computing
a tractable likelihood ratio that quantifies the importance
of the output relative to the inputs and essentially acts
as an attention mechanism that promotes exploration of
extreme rewards. We demonstrate the benefits of the pro-
posed methodology across several synthetic benchmarks, as
well as two realistic examples involving noisy sensor net-
work data (specifically, temperature and air quality mea-
surements). Finally, we provide a JAX library for efficient
bandit optimization using Gaussian processes.
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MS85

Importance Sampling-Based Reliability Assess-
ment of Dynamic Systems

Computing the failure probability of dynamic systems
using direct Monte Carlo simulation is computation-
ally expensive, particularly for low probability values
lessthan1e − 4, forinstance. We present a computation-
ally efficient, importance sampling-based methodology for
reliability assessment of dynamic systems. The proposed
approach addresses a general random process inputs, in-
cluding non-Gaussian, non-stationary random processes,
and b combinations of random process and random variable
inputs. The proposed approach is presented as a general-
ization of Girsanov transformation, which is intended for
dynamic systems subjected to Gaussian white noise excita-
tion. We demonstrate the proposed methodology using a
a numerical illustration on a multi-physics model of a flex-
ible panel subjected to hypersonic flow, and b a real-world
implementation on safety assessment of aircraft within a
sector using recorded flight data.
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The Ensemble Kalman Filter for Rare Event Esti-
mation

We present a novel sampling-based method for estimat-
ing probabilities of rare or failure events. Our approach is
founded on the Ensemble Kalman filter (EnKF) for inverse
problems. Therefore, we reformulate the rare event prob-
lem as an inverse problem and apply the EnKF to gener-
ate failure samples. To estimate the probability of failure,
we use the final EnKF samples to fit a distribution model
and apply Importance Sampling with respect to the fitted
distribution. To handle multi-modal failure domains, we
localise the covariance matrices in the EnKF update step
around each particle and fit a mixture distribution model
in the Importance Sampling step. For afine linear limit-
state functions, we investigate the continuous-time limit
and large time properties of the EnKF update. We prove
that the mean of the particles converges to a convex com-
bination of the most likely failure point and the mean of
the optimal Importance Sampling density if the EnKF is
applied without noise. We provide numerical experiments
that demonstrate the performance of the EnKF in a variety
of problem settings.
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MS86

Bamcafe: A Bayesian Machine Learning Advanced
Forecast Ensemble Method for Complex Turbulent
Systems with Partial Observations

Ensemble forecast based on physics-informed models is one
of the most widely used forecast algorithms for complex
turbulent systems. A major difficulty in such a method is
the model error that is ubiquitous in practice. Data-driven
machine learning (ML) forecasts can reduce the model er-
ror but they often suffer from the partial and noisy obser-
vations. In this paper, a simple but effective Bayesian ma-
chine learning advanced forecast ensemble (BAMCAFE)
method is developed, which combines an available imper-
fect physics-informed model with data assimilation (DA)
to facilitate the ML ensemble forecast. In the BAMCAFE
framework, a Bayesian ensemble DA is applied to create the
training data of the ML model, which reduces the intrinsic
error in the imperfect physics-informed model simulations
and provides the training data of the unobserved variables.
Then a generalized DA is employed for the initialization of
the ML ensemble forecast. In addition to forecasting the
optimal point-wise value, the BAMCAFE also provides an
effective approach of quantifying the forecast uncertainty
utilizing a non-Gaussian probability density function that
characterizes the intermittency and extreme events. A two-
layer Lorenz 96 model and a nonlinear conceptual model
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will be used as numerical illustrations.
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ML-Assisted Resampling for Stochastic Parameter-
ization with Memory

For parameterization of unresolved processes in multiscale
dynamical systems, data-based methods relying on ma-
chine learning (ML) techniques are rapidly gaining ground.
Ususally the ML-based parameterization is deterministic
and ignores uncertainty in the feedback from the small-
scale (unresolved) to the large-scale processes. By consider-
ing stochastic rather than deterministic parameterization,
this uncertainty can be taken into account. In this talk I
will discuss recent work constructing data-based stochas-
tic parametrizations with memory, using resampling. A
straightforward approach to implement resampling is by
binning. In case of long memory, resampling by binning
is hampered by curse of dimension. To overcome this, a
neural network for probabilistic classification can be used
in combination with resampling. I will discuss both ap-
proaches and show their performance on several test prob-
lems.
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Machine Learning Reduced Parameterizations for
Turbulent Flow

It is well known that the wide range of spatial and temporal
scales present in turbulent flow problems represents a (cur-
rently) insurmountable computational bottleneck, which
must be circumvented by a coarse-graining procedure. The
effect of the unresolved fluid motions enters the coarse-
grained equations as an unclosed forcing term. Tradition-
ally, the system is closed by approximate deterministic clo-
sure models. Instead, we focus on creating a stochastic,
data-driven surrogate model from a (limited) set of refer-
ence data. Since the unclosed forcing term is a dynami-
cally evolving field, a surrogate should be able to mimic
the complex spatial patterns of this term. Rather than
creating such a spatially extended surrogate, we propose
to precede the surrogate construction step by a procedure
that replaces the unclosed forcing term with a new source
term which is tailor-made to capture spatially integrated
quantities of interest, and which significantly reduces the
amount of training data that is needed. Instead of creat-
ing a surrogate model for an evolving field, we now only
require a much smaller (stochastic) surrogate model for
one scalar time series per quantity-of-interest. We derive
the new source terms for a simplified ocean model of two-
dimensional turbulence, and we discuss the challenges of
training data-driven surrogates models which are coupled
to physical models of the (macroscopic) flow quantities.
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Physics-Constrained Data-Driven Subgrid-Scale

Parameterization of 2D Turbulence in the Small-
Data Regime

In this work, we develop a data-driven subgrid-scale (SGS)
model for large eddy simulation (LES) of 2D turbulence
using a fully convolutional neural network (CNN). In the
small-data regime, the LES-CNN generates artificial in-
stabilities and thus leads to unphysical results. We pro-
pose four remedies for the CNN to work in the small-data
regime: (1) data augmentation (DA), (2) group equivariant
convolution neural network (GCNN), leveraging the rota-
tional equivariance of the SGS term, (3) incorporating a
physical constraint on the SGS enstrophy transfer, and (4)
variational autoencoder providing stochasticity and uncer-
tainty quantification. The rotational equivariance of SGS
terms can be accounted for by either including rotated
snapshots in the training data set (DA) or by a GCNN
that enforces rotational equivariance as a hard constraint.
Additionally, the SGS enstrophy transfer constraint can
be implemented in the loss function of the CNN. Stochas-
ticity can be crucial in modeling backscattering (energy
transferred from subgrid scales to resolved scales) of SGS
terms. A priori and a posteriori analyses show that the
proposed approaches enhance the SGS model and allow
the data-driven model to work stably and accurately in a
small-data regime.
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MS87

Variational Bayesian Approximation of Inverse
Problems using Sparse Precision Matrices

Inverse problems involving partial differential equations are
widely used in science and engineering. Although such
problems are generally ill-posed, different regularisation
approaches have been developed to ameliorate this prob-
lem. Among them is the Bayesian formulation, where a
prior probability measure is placed on the quantity of inter-
est. The resulting posterior probability measure is usually
analytically intractable. The Markov Chain Monte Carlo
(MCMC) method has been the go-to method for sampling
from those posterior measures. MCMC is computationally
infeasible for large-scale problems that arise in engineering
practice. Lately, Variational Bayes has been recognised
as a more computationally tractable method for Bayesian
inference, approximating a Bayesian posterior distribution
with a simpler trial distribution by solving an optimisation
problem. In this work, we argue, through an empirical as-
sessment, that VB methods are a flexible and efficient al-
ternative to MCMC for this class of problems. We propose
a natural choice of a family of Gaussian trial distributions
parametrised by precision matrices, thus taking advantage
of the inherent sparsity of the inverse problem encoded in
its finite element discretisation. We utilise stochastic op-
timisation to efficiently estimate the variational objective
and assess not only the error in the solution mean but also
the ability to quantify the uncertainty of the estimate. We
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test this on PDEs based on the Poisson equation.
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Physically-Inspired Gaussian Processes with Appli-
cation to Biology

Physically-inspired Gaussian processes (GPs) provide a
flexible stochastic framework where linear differential equa-
tions are encoded into covariance functions (kernels). As
data-driven approaches, they can be established without
specifying all the physical interactions from mechanistic
processes. By enforcing GPs with physical knowledge, ac-
curate predictions are provided even in regions where data
are not available. In this talk, we focus on GPs physically
inspired by a reaction-diffusion model where both the de-
cay and diffusion rate constants are encoded as parameters
of the kernels. Two types of GP-based models are stud-
ied where the main difference lies in where the prior is
placed. On a biological application describing the post-
transcriptional regulation of Drosophila, we demonstrate
the capability and versatility of the models to capture the
dynamics of spatio-temporal interactions between mRNAs
and gap proteins.
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End to End GP-Based Inversion of a Mass Density
Field from Gravimetric Measurements

The use of GP priors in Bayesian inverse problems is well
established but resulting implementations are seldom dis-
cussed. We provide a detailed description of the whole
inversion process on a test case from volcano geophysics,
demonstrating in turn how to overcome various practical
problems. The goal in our motivating inverse problem is to
reconstruct the mass density field inside a bounded region
from measurements of the gravitational field on the outside,

i.e. on the surface of the Stromboli volcano in our test case.
Those measurements may be viewed as linear forms of the
field, a neat framework for GP modelling. Also, consider-
ing the GP induced on the surface by the prior mass den-
sity field and the forward operator turns out to be fruitful
in several respects. We show how the proposed approach
enables enjoying MLE for hyper-parameters such as classi-
cally used in GP modelling for computer experiments, yet
at the cost of numerical instabilities due to the specific form
for the covariance matrix. Using chunking, automatic dif-
ferentiation and GPU-based libraries, we demonstrate how
GP-based inversion scales to grids of several hundreds of
thousands of cells. We also appeal to fast k-fold cross-
validation and explore how associated outputs can help
balance numerical instabilities. We finally highlight how
this approach can be used to guide new measurements to-
wards an efficient reconstruction of the mass density field.
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MS87

Kernel-based Statistical Methods for Functional
Data

Kernel-based statistical algorithms have found wide suc-
cess in statistical machine learning in the past ten years
as a non-parametric, easily computable engine for reason-
ing with probability measures. The main idea is to use a
kernel to facilitate a mapping of probability measures, the
objects of interest, into well-behaved spaces where calcu-
lations can be carried out. This methodology has found
wide application, for example two-sample testing, inde-
pendence testing, goodness-of-fit testing, parameter infer-
ence and MCMC thinning. Most theoretical investigations
and practical applications have focused on Euclidean data.
This talk will outline work that adapts the kernel-based
methodology to data in an arbitrary Hilbert space which
then opens the door to applications for functional data,
where a single data sample is a discretely observed func-
tion, for example time series or random surfaces. Such
data is becoming increasingly more prominent within the
statistical community and in machine learning.
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MS88

UQ on Point-Like Emission Source Estimates by
Satellite Data

We propose a statistical approach to estimate emissions
of point-like sources from satellite observations. We em-
ploy a ’gray-box’ approach where data-driven estimation
is combined with rudimentary physics and chemistry. The
cross-sectional flux method is used, where the 2d plume
data of a single emission source is integrated orthogonal
to the wind direction. We formulate the outcome as a



Conference on Uncertainty Quantification (UQ22)                                                    111110 UQ22 Abstracts

1D convection-reaction system. The approach consists of
several steps: aligning the coordinates to the main wind
direction, constructing smooth representations of the satel-
lite observations using Gaussian random field (GRF) mod-
elling, performing the cross-sectional integrations using the
obtained continuous models, and finally estimating the pa-
rameters of the convection-reaction system. The point-
emission flux is the parameter of interest, while the reac-
tion terms are considered as nuisance parameters. At every
step the uncertainties - the background concentrations, the
wind speed and direction, the cross-sectional integrals by
the GRFmodels, are sampled byMCMC methods. The ap-
proach is verified by synthetic data, and applied to plumes
measured by instruments such as the Tropospheric Moni-
toring Instrument (TROPOMI). The example cases include
large power plants in Belchatw, Poland and Wuhan, China,
as well as moving cargo ships. The results are compared
against available in-situ data.
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MS88

Simulation-Based Uncertainty Quantification for
Infrared Sounder Atmospheric Retrievals

An ever-changing constellation of Earth-orbiting satellites
continues to provide large volumes of data with comprehen-
sive spatial and temporal coverage. These remote-sensing
observations provide indirect information on numerous sur-
face and atmospheric quantities of interest, and the oper-
ational data processing pipeline typically involves multiple
levels of data products that are used in scientific inference
for the Earth system. A critical step involves inferring sur-
face and atmosphere states from satellite spectra through
an inverse method known as a retrieval. We will present
an overview of the remote sensing observing system and
retrieval for a class of instruments known as hyperspec-
tral infrared sounders. The sounder observation record
spans multiple decades and includes the Atmospheric In-
frared Sounder (AIRS) and Cross-track Infrared Sounder
(CrIS). We illustrate a simulation-based framework for un-
certainty quantification (UQ) for the AIRS retrieval of at-
mospheric temperature and humidity. The approach in-
cludes a flexible statistical model for the conditional distri-
bution of application-relevant quantities of interest given
the retrieval that is trained via simulation and applied to
operational AIRS products. Validation of results for near-
surface temperature over the continental United States will
be highlighted.

Jonathan Hobbs
Jet Propulsion Laboratory
jonathan.m.hobbs@jpl.nasa.gov

Amy Braverman
Jet Propulsion Laboratory
California Institute of Technology
Amy.Braverman@jpl.nasa.gov

Berlin Chen
University of Cambridge
berlinchen7@gmail.com

Eric Fetzer, Kyo Lee
Jet Propulsion Laboratory
eric.j.fetzer@jpl.nasa.gov, huikyo.lee@jpl.nasa.gov

Hai Nguyen
Jet Propulsion Laboratory
California Institute of Technology
hai.nguyen@jpl.nasa.gov

Joaquim Teixeira
Jet Propulsion Laboratory
joaquim.p.teixeira@jpl.nasa.gov

MS88

Statistical Data Fusion for Multispectral Surface
Reflectance Products

Daily, high spatial resolution (¡100m) visible to short-
wave infrared surface reflectance datasets are needed to
estimate and monitor geophysical processes that exhibit
rapid changes over space and time, e.g., agricultural har-
vest, deforestation, and disease. However, no single, non-
commercial space mission currently provides such data due
to limitations of the spatial, temporal and spectral resolu-
tions of individual instruments. In this talk, we propose a
flexible, spatiotemporal data fusion methodology to com-
bine multispectral surface reflectance measurements from
three remote sensing instruments (Suomi NPP VIIRS, Sen-
tinel 2A/B and Landsat 8) to produce daily, 70m resolu-
tion products with associated uncertainty estimates. The
methods rely on space-time dynamic linear models to in-
corporate spatial change-of-support and to leverage spa-
tial and temporal dependence for gap-filling between high
resolution images. A computationally scalable, moving-
window Kalman filter is developed to facilitate integration
into downstream science processing algorithms.

Margaret Johnson, Gregory Halverson
Jet Propulsion Laboratory
maggie.johnson@jpl.nasa.gov,
gregory.h.halverson@jpl.nasa.gov

Kerry Cawse-Nicholson
Jet Propulsion Laboratory
California Institute of Technology
kerry-anne.cawse-nicholson@jpl.nasa.gov

Joshua Fisher
University of California, Los Angeles
joshbfisher@gmail.com

Jouni Susiluoto, Glynn Hulley
Jet Propulsion Laboratory
jouni.i.susiluoto@jpl.nasa.gov, glynn.hulley@jpl.nasa.gov

MS88

Large Scale Data Fusion of Remote Sensing and in
Situ Observations by Dimension Reduction

To efficiently utilize available environmental observations
from various sources such as Earth observing satellites and
in-situ measuring instruments, we need spatio temporal
data fusion methods. Kalman smoother techniques provide
practical tools to do retrospective multi-dimensional time
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series analysis by high dimensional dynamical linear mod-
els. Proper uncertainty quantification can be done with
Bayesian statistics and by hierarchical state space descrip-
tion of the data, the processes, and the parameters defining
the data fusion system. This allows us to carefully consider
the representativeness and uncertainties of data and mod-
els as well as the natural variability of the phenomena of
interest in different spatial and temporal scales. This talk
will demonstrate a data fusion system that utilizes different
dimension reduction techniques to tackle large modelling
domains and large amounts of data. The system is used to
analyze water quality in the Baltic Sea using.
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MS89

Rovering Dynamical Systems from Noisy Measure-
ments Using Constrained Optimization

Even if we know the physical laws that govern a dynamical
system, we may seek to infer a simplified set of dynamics
from measurements. Here we build a nonlinear dynamical
system by identifying the coefficients attached to each term
in a sum of nonlinear functions of the state. Many stan-
dard approaches like SINDy identify these coefficients by
minimizing the least squares mismatch in this differential
equation at each time point. Unfortunately this amplifies
the effect of noise emerging from both derivative estima-
tion and the nonlinear basis functions yielding suboptimal
estimates of the dynamical system. Here we correctly ac-
counts for the noise, yielding a maximum likelihood esti-
mate for the dynamical system. Our approach introduces
a variable for the noiseless state, adds an equality con-
straint corresponding to the dynamical system, and then
minimizes the least squares mismatch between the noise-
less state estimate and the measured state. We efficiently
solve this large scale optimization problem using sequen-
tial quadratic programming on an augmented Lagrangian
formulation with a specialized preconditioner. Regulariza-
tion, such as promoting sparsity in coefficients using an
1-norm, can easily be included in this formulation using it-
eratively reweighted least squares. As a result of our proper
accounting of noise, we obtain models that are two to ten
times more accurate than standard approaches.
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MS89

A Framework for Variational Embedding of Data
in Physics-Based Models

This paper presents a physics-based data embedding frame-
work that weakly enforces the balance laws via varia-
tional multiscale approach. The physics informed method
is augmented with high-fidelity sparse data through fine-
scale variational embedding of the variationally derived loss
function. The structure of the loss function is discussed
in the context of variational correction to the coarse-scale
model that weakly enforces physical constraints, wherein
the loss function penalizes the difference of the response

of the physics-based model from the prescribed data that
represents the local behavior of the system. In the con-
text of forward simulations, the proposed approach can be
seen as inducing inductive biases that exploits the differ-
ence between the computed and measured quantities in the
parametric space. With the help of a model problem, we
show that the proposed method learns from the sparse data
sets while preserving the balance laws. This framework
results in physics-informed data-driven technique, and at
the same time, has an impact on forward simulations that
are driven by boundary and initial conditions. Method is
applied to a mathematically non-smooth problem and the
attributes of the formulation are investigated in the light
of the high-fidelity sparse data sets.
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Neural Implicit Flow: a Representation Learning
Paradigm beyond POD and CNN

Most of the physical science and engineering problems ex-
hibit complexities arise from non-linear partial differen-
tial equations (PDE) in three folds: multi-scale in space,
chaos in time, and bifurcation in parameters. Among these
challenges, spatial complexity is the major complexity of
fluid dynamics, which motivates the need of dimensional-
ity reduction. Existing paradigms, e.g., POD and CNN,
both struggle to accurately and efficiently represent flow
structures for problems requiring variable geometry, non-
uniform grid resolution (e.g., wall-bounded flows, flow phe-
nomenon induced by small geometry features), adaptive
mesh refinement, or parameter-dependent meshes. To re-
solve these difficulties, we propose a general framework
called Neural Implicit Flow (NIF) that enables a compact
and flexible dimension reduction of large-scale, paramet-
ric, spatial-temporal data into mesh-agnostic fixed-length
representations. This work complements existing mesh-
less methods, e.g., physics-informed neural networks, and
we focus specifically on obtaining effective reduced coor-
dinates where modeling and control tasks may be per-
formed more efficiently. In several challenging examples,
we demonstrate the utility of NIF for data-fit paramet-
ric surrogate modeling, mesh-agnostic interpretability of
spatio-temporal fields, efficiency for many-spatial-query,
improved performance for sparse reconstruction, and com-
pressed representation of turbulence.
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PDE-Preserved Network Architecture for Predict-
ing Spatiotemporal Dynamics

The recent development of physics-informed deep learn-
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ing (PiDL) that leverages domain knowledge and physi-
cal prior has shown promise in solving physical problems
in many science and engineering fields. In most existing
PiDL works (e.g., physics-informed network, or PINN),
physics prior knowledge is mainly utilized to inform or con-
strain the training process of the network by incorporat-
ing known governing equations into the loss function in a
soft manner. However, the mathematical understanding of
the system has not been fully leveraged, for example, in
network architecture design. In this work, we develop a
novel physics-informed deep learning architecture for pre-
dicting spatiotemporal dynamics. The network construc-
tion, layer connections, and output constraints are based
on the discretized structure of the governing partial differ-
ential equations (PDEs). The learned model can be used
as a parametric surrogate model for the fast prediction of
spatiotemporal dynamics, facilitating UQ analysis in high-
dimensional complex systems.
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Prediction of Failure Locations in Porous Metals
Using a Bayesian Convolutional Neural Network

We consider the problem of predicting locations where me-
chanical failure occurs in porous metal specimens under
tension. Porosity is a feature of additively manufactured
materials and determines failure locations through nonlin-
ear mechanics that exhibits sensitivity to the initial pore
locations. While traditional viscoplastic damage models
provide an accurate model of the evolution of damage in
porous specimens, they are computationally expensive. In
this work, we study the use of convolutional neural net-
works as surrogate models for predicting failure locations.
The binary classification problem of categorizing failed vox-
els is first regularized by recasting it as a regression problem
for the continuous damage field subjected to pre-processing
transformations. The damage fields display a relatively
small number of voxels close to failure leading to a form
of class imbalance for regression that can cause the opti-
mizer to converge to a poor local minimum. We address
this through a re-weighting of the loss function which ac-
counts for the relative frequencies of damage values. Fur-
thermore, a sensitivity analysis of the viscoplastic model is
carried out and indicates that there are multiple regions of
high damage competing for failure. This motivates the use
of Bayesian neural networks to capture sensitivities in the
prediction through uncertainty quantification.
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MS90

Probabilistic Neural Network Surrogates for
Reduced-Order Dynamics in Reacting Flows

Many dynamical systems of physical interest are charac-
terized by high-dimensional state spaces. For conservation
laws governing complex fluid systems, e.g. chemically re-
acting flows and plasmas, often many hundreds or thou-
sands of components are required to represent the ther-
mochemical state and capture detailed kinetic processes.
Solving such conservation equations numerically thus in-
volves considerable expense for detailed simulations. In
this talk we describe approaches to mitigate this expense
by learning low-dimensional manifolds (e.g. using principle
component analysis) to define reduced bases for represent-
ing the thermochemical state, where the transformed state
can then be evolved using the original governing system of
partial differential equations. The use of neural network
surrogate models to accelerate source term evaluation or
integration, stiffness mitigation, and uncertainty quantifi-
cation within the reduced construction will be discussed in
the context of model problems relevant to gas phase com-
bustion and low-temperature plasmas.
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Bayesian Calibration of Interatomic Potential
Models for Binary Alloys

Developing reliable interatomic potential models with
quantified predictive accuracy is crucial for the success-
ful application of atomistic simulation. Commonly used
potentials, such as those constructed through the embed-
ded atom method (EAM), are typically derived from semi-
empirical considerations and contain unknown parameters
that must be properly fit before use. This fitting is often
performed by comparing to training data generated with a
more expensive first principles physics model, e.g., based
on density functional theory (DFT). In this presentation,
we explore Bayesian calibration as a means of fitting EAM
potentials for binary alloys. Here, probabilistic assertions
about the model parameters, model error, and other un-
certain quantities are updated by including a training set
of DFT-simulated data. The outcome is a posterior dis-
tribution over the aforementioned items, which can then
be carried forward to quantify predictive uncertainties and
assess the quality of fit. We apply these techniques to in-
vestigate an EAM potential for a family of gold-copper
alloys in which the training data consists of physical prop-
erties such as lattice parameters, mixing enthalpies, and
elastic constants. We conclude by discussing the models
predictive performance on interatomic forces, a quantity
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not included in the training set.
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Use of a Machine Learning Model for a Constitu-
tive Chemistry Model within a Groundwater Flow
and Transport Application Modeling Nuclear Fuel
Degradation in a Waste Repository

Physics-informed surrogate models are often constructed
to represent a computational simulation model for an ap-
plication of interest. In this work, we extend the surrogate
framework further: we replace one component of a large,
multiphysics model of a subsurface nuclear waste reposi-
tory with a machine-learned surrogate. The component for
which the ML surrogate is constructed is the Fuel Matrix
Degradation (FMD) constitutive chemistry model, which
represents UO2 spent fuel degradation rates as a function
of radiolysis, redox reactions, and other electrochemical
reactions. This is a major advance in fidelity relative to
the previously-employed fractional dissolution rate model,
which is computationally more tractable but less accurate.
The prohibitive cost of the FMD model for full-system sim-
ulations motivates its replacement with a machine-learned
surrogate which can handle the varying inputs to the FMD
model. We examine the effect the surrogate FMD model
has on uncertainty analyses for a realistic repository appli-
cation which also considers the treatment of parameter un-
certainty and spatial heterogeneity in the subsurface. We
summarize challenges with the use of a surrogate model
as a constitutive model within large, multiphysics applica-
tions.
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Uncertainty Quantification of Tsunami Currents
and Heights

Realistic tsunami hazard assessments require a large
number of predictions, typically hundreds of thousands,
for comprehensively sweeping through the earthquake
magnitude-frequency distribution. This enables confident
probabilistic quantification of hazard, especially for high-
impact low-frequency events. Further, actionable hazard
assessments utilize area-wide regional hazard maps which
require hundreds of thousands of emulators, each emulator
corresponding to a point in the region of interest. We build
workflows to individually address these large-scale chal-
lenges one million predictions showcased for the port of
Karachi, and hundreds of thousands of emulators for Van-
couver. The parameters of the tsunami source act as inputs
for the emulator. The computer code simulates the cou-
pled numerical models of deformation of sea floor due to the
earthquake source and the consequent propagation of the
tsunami. Multiple emulators are constructed to approxi-
mate the functional dependence of the hazard intensities,
viz. wave heights and velocities, on the earthquake source
parameters. Apart from obtaining probabilistic quantifica-
tion for the hazard, we observe high velocities, and spa-
tial patterns that correspond to meaningful geophysical
behaviour in the harbour. We conclude that statistical
emulators underpinned by high resolution numerical sim-
ulations and realistic bathymetry data show promise for
large-scale probabilistic tsunami hazard assessment.
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Multiscale Emulation of Tsunami Waves

Building an emulator of a computer model, using a small
design of experiments, greatly alleviates the computational
burden to carry out uncertainty quantification. We intro-
duce a design strategy that allows us to efficiently allocate
limited computational resources over simulations of differ-
ent levels of fidelity combined with a sequential design at
each level. The multilevel adaptive sequential design of
computer experiments (MLASCE) makes use of reproduc-
ing kernel Hilbert spaces as a new tool for our GP approx-
imations of the increments across levels. We theoretically
prove the validity of our approach in some settings, and
compare with existing models of multi-fidelity Gaussian
process emulation. Compared to a single level approach,
gains of orders of magnitudes in accuracy for medium-size
computing budgets are demonstrated in numerical exam-
ples. We provide an illustration to tsunami hazard assess-
ment for the city of Cilacap in Indonesia. By running a
few tsunami simulations at high resolution and many more
simulations at lower resolutions we provide realistic assess-



Conference on Uncertainty Quantification (UQ22)                                                    115114 UQ22 Abstracts

ments whereas, for the same budget, using only the high
resolution tsunami simulations is not satisfactory. Hence,
using our multi-level method, tsunami hazard assessments
can be achieved with higher precision using the highest
spatial resolutions, and for impacts over larger regions.
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A Combined Physical-Statistical Approach for Es-
timating Storm Surge Risk

Storm surge is an abnormal rise of seawater caused by a
storm. It poses the most severe threat to property and life
in a coastal region. Thus, it is crucially important to as-
sess the storm surge risk, typically summarized by r-year
surge return level with return period r ranging from 10,
50, 100, or even much longer along a coastline. However, it
is challenging to reliably estimate this quantity due to the
limited storm surge observations in space and time. This
talk presents an approach to integrate physical and statis-
tical models to estimate extreme storm surge. Specifically,
A physically-based hydrodynamics model is used to pro-
vide the needed interpolation in space and extrapolation
in both time and atmospheric conditions. Statistical mod-
eling is needed to 1) estimate the input distribution for
running the computer model, 2) develop a statistical emu-
lator in place of the computer simulator, and 3) estimate
uncertainty due to input distribution, statistical emulator,
missing/unresolved physics.
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Uncertainty Quantification in Assessing Storm
Surge

Storm surge is one of the most severe natural hazards that
can lead to significant flooding in coastal areas and severe
damages to the life and property from a hurricane. To as-
sess storm surge hazards, current coastal flood hazard stud-
ies are often performed through a synthesis of computer
modeling, statistical modeling, and extreme-event proba-
bility computation. Since post-Katrina coastal flood haz-
ard studies, a technique called Joint Probability Method
(JPM) with its improvements has become the gold stan-
dard to compute annual exceedance probability (AEP)
levels at certain frequencies by federal agencies such as
Federal Emergency Management Agency, private sectors,
and academic researchers in coastal engineering. However,
the JPM suffers several disadvantages including excessive
usage of computing resources, inappropriate uncertainty
quantification, and lack of optimal statistical modeling,
which make the JPM based coastal flood hazard studies
prohibitively costly and unrealistic. To address these is-
sues, we employ a new risk assessment framework to assess
storm surges hazards in Southwest Florida (SWFL), where
we develop an emulator - a fast approximation to the surge
prediction model, based on which, we use an efficient sam-
pling technique to enable fast computation of AEP. Our
methodology is capable of handling massive number spa-

tial locations efficiently and provides rigorous uncertainty
quantification for risk assessment of storm surges in SWFL.

Pulong Ma
Clemson University
plma@clemson.edu

MS92

Estimation of Global Reliability-Oriented Sensitiv-
ity Indices under Epistemic Uncertainty

Uncertainty quantification (UQ) is a global methodology
relying on a probabilistic modeling of uncertain input vari-
ables of a computer model. Usually, the joint input prob-
ability distribution is supposed to be known and is set so
as to represent the intrinsic stochastic behavior and the
dependence of the inputs. However, if the type of the
marginal distributions can be assessed by rational consid-
erations (e.g., based on the best available statistical infor-
mation or according to standards or expert judgment), the
distribution parameters are often tainted with a residual
statistical uncertainty. In the typical context of reliability
assessment, this second uncertainty level does affect the
robustness of the numerical results obtained in the rest of
the UQ study and has to be taken into account in the fail-
ure probability estimation. This robustness can be inves-
tigated by performing reliability-oriented sensitivity anal-
ysis. The present work aims at presenting a set of dedi-
cated reliability-oriented Sobol indices taking the bi-level
input uncertainty into account. The separation between
aleatory (irreducible) and epistemic (reducible) uncertain-
ties is proposed via a disaggregated version of the input
random variables. An efficient estimation strategy based
on a splitting algorithm and an adapted kernel density es-
timation is proposed. The methodology is applied on a
representative test-case about safety evaluation of a flood
protection dike.
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Incorporating Distribution-Form and Parame-
ter Uncertainty into Simulation-Based Reliability
Analysis

How confident can we be in reliability estimates? We
try to answer this question by quantifying the uncer-
tainty in probabilities of failure that stem from lack of
sufficient data to precisely identify probability distribu-
tions for the model input parameters. We propose an
imprecise Subset simulation (SuS) method that utilizes
Bayesian/information theoretic multi-model inference to
estimate probabilities of probability of failures. Although
SuS is very efficient when the probability models for input
random variables are precisely defined, the method can-
not be directly applied when distributions for the random
variables are uncertain. The proposed work consists of two
steps: First, Bayesian/information multi-model inference
is used to identify model probabilities for each candidate
distribution and their associated joint parameter probabil-
ity densities. From inference, we obtain a set of candidate
distributions, all of which are equally probable of repre-
senting the limited data. Then, SuS is performed using
an optimal sampling density analytically and the resulting
conditional probabilities are re-weighted according to each
probability distribution in the set using importance sam-
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pling. It is shown that the uncertainty in probability of
failure estimates may be very large, especially when data
sets are small. The outcome of the proposed method is
an empirical probability distribution of failure probabilities
that allows us to assess confidence in reliability estimates.
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Enabling and Interpreting Hyper-Differential Sen-
sitivity Analysis for Bayesian Inverse Problems

Inverse problems constrained by partial differential equa-
tions (PDEs) play a critical role in model development and
calibration. In many applications, there are multiple uncer-
tain parameters in a model which must be estimated. Com-
putational cost and high dimensionality frequently prohibit
a thorough exploration of the parametric uncertainty. A
common approach is to reduce the dimension by fixing
some parameters (called auxiliary parameters) to a best
estimate and using techniques from PDE-constrained opti-
mization to approximate properties of the Bayesian poste-
rior distribution. For instance, the maximum a posteriori
probability (MAP) and the Laplace approximation of the
posterior covariance can be computed. We propose us-
ing hyper-differential sensitivity analysis (HDSA) to assess
the sensitivity of the MAP point to changes in the auxil-
iary parameters and establish an interpretation of HDSA as
correlations in the posterior distribution. Foundational as-
sumptions require satisfaction of the optimality conditions
which are not always feasible as a result of ill-posedness in
the inverse problem. We introduce novel theoretical and
computational approaches to justify and enable HDSA for
ill-posed inverse problems by projecting the sensitivities
on likelihood informed subspaces and defining a posteriori
updates. Our proposed framework is demonstrated on an
infinite dimensional nonlinear multi-physics inverse prob-
lem.
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Optimal Uncertainty Quantification of a Risk Mea-
surement on Moment Class

In uncertainty quantification study, we model the uncer-
tain input parameters as random variables. The choice
of the probability distributions usually come from expert
judgment and/or statistical inference. Therefore, their es-
tablishment lack accuracy and result in a second level un-
certainty. In this work we gain robustness on the quantifi-
cation of a risk measurement by accounting for all sources
of uncertainties tainting the inputs of a computer code.
To that extent, we evaluate bounds on the quantity of in-
terest over a class of bounded distributions satisfying con-
straints on their moments, called moment class. The prob-
lem can be reformulated as the optimization of a quantity
of interest over a compact convex set of probability mea-
sures. This set is infinite dimensional and nonparamet-
ric, so that the optimization of the quantity of interest is
generally computationally intractable. However, when the
quantity of interest is a lower semi-continuous and quasi-
convex functional (for instance a probability of failure, a
quantile, a moment, a Sobol index ...), the optimum can be

computed only on the extreme points of the set of proba-
bility measure. We identify a well-suited parameterization
of the extreme points of the moment class based on the
theory of canonical moments. It allows an effective, free of
constraints, optimization of the quantity of interest. This
methodology is applied on a representative test-case about
safety evaluation of a flood protection dike.
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MS93

Adapting Verification and Validation Principles to
a Credibility Process for Scientific Machine Learn-
ing

This presentation will provide a summary of the current
perspectives, opportunities, and gaps in adapting verifica-
tion and validation (V&V) principles developed for compu-
tational simulation (CompSim) models to a credibility pro-
cess for scientific machine learning (SciML). The discussion
will be framed in the context of maturity readiness levels
that allow us to communicate the believability of a model
with the intended use as the key source of information for
high consequence decision-making. While this approach
is readily available for CompSim models, the extendibility
and limitations in application to SciML models used in lieu
of, complementary to, or as surrogates for CompSim will
be presented. To motivate the discussion, examples will be
provided that highlight uncertainty quantification (UQ) as
one of the key elements to credibility. Noting that the va-
lidity of any ML model is predicated on the quality of the
data used to train it, emphasis will be made on how the
data was sourced and its relationship to the SciML train-
ing objectives. The presentation will close with a meta
proposal for a SciML V&V/UQ framework and the under-
standing that there are more research opportunities in this
area than well-defined methods.
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Optimizing Machine Learning Decisions with Pre-
diction Uncertainty

Proper scoring rules are used in decision analysis to elicit
probability estimates that reflect an individuals beliefs. In
this talk, we consider a decision framework in which the
probability estimates come from a statistical or machine
learning model. We regard the probability estimates them-
selves as random variables with respect to the underlying
distribution of the data set from which the estimates were
derived, and we show that proper loss functions (the neg-
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ative of a proper scoring rule) can be used to quantify the
variability of the estimator via a generalized bias-variance
decomposition. Furthermore, we derive a decision-tailored
proper loss function, and we show that the generalized vari-
ance of the estimator under this loss quantifies the uncer-
tainty in the estimator in a way that is relevant to the
decision problem. In particular, points with low decision-
tailored generalized variance correspond to points whose
optimal decisions are robust with respect to the distribu-
tion of the probability estimator at that point, whereas
high decision-tailored generalized variance corresponds to
higher decision disagreement under the distribution of the
probability estimator.
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MS93

Learning Not to Answer: Training a Multi-Task
Abstaining Classifier Using PID Control

Deep neural networks (DNN) often provide the only way
to build machine capable of making decisions in the face of
real-world complexity. In many situations, these decisions
are not actionable unless they reach very high certainty.
Often, in these cases, the input samples are a mixture
of ‘easy’ instances of the problem where the DNN per-
formance is acceptable, and ‘harder’ instances where the
training turns out to be inadequate. Moreover, the uncer-
tainty is patterned—there are often features that correlate
not with the response variable, but with higher prediction
errors. We have previously shown that abstaining classi-
fiers can be used to learn such features effectively, but have
a tunable parameter that controls the penalty of incorrect
answers over abstention. Real-world requirements, how-
ever, are stated in terms of a balance between a desired
maximum rate of abstention and the accuracy required on
the non-abstained set; this would usually need expensive
hyperparameter tuning to achieve. Here we show that we
can borrow ideas from control theory to tune the absten-
tion penalty parameter using a proportionalintegralderiva-
tive (PID) controller during training to reach the desired
goal smoothly. We demonstrate the method on a multi-
task NLP problem, cancer report classification, simultane-
ously tuning several tasks with different levels of inherent
uncertainty.
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MS94

When Abstention Is Really the Best Policy

Deep Neural Networks often provide the only practical
means of training a system that can deal with complexities
of the real world. In many decision tasks, however, the
high cost of incorrect responses makes it advantageous to
design systems that choose to abstain when the uncertainty
is large. In multi-task settings, this cost may not be addi-
tivethe figure of merit might be the simultaneous case-level
correctness of the predictions of all the tasks. We previ-
ously developed an abstaining classifier in such a multitask
setting that can triage the low-uncertainty cases at both
task- and case-level. A benefit to the use of such abstain-
ing classifiers is that they can be coupled with standard
methods like Local Interpretable Model-agnostic Explana-
tions (LIME) to look not only for features that correlate
with classification, but also those that explain the absten-
tions. Here, we will present results of our studies using
LIME in this setting to compare the correlates of case-level
abstention with those of task-level abstentions. Together,
the techniques we developed, provide a powerful tool to
partially automate real world problems.
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Partially Bayesian Neural Networks: Low-Cost
Bayesian Uncertainty Quantification for Deep
Learning in Medical Image Segmentation

Radiologists identify and segment tumors based on their
appearance in medical images and indicate their confidence
about their segmentation. While deep learning (DL) algo-
rithms greatly accelerate the segmentation process, they
lack transparency in communicating the uncertainty in the
model and the results. Traditional Bayesian Uncertainty
Quantification (UQ) methods such as MCMC are pro-
hibitively costly for large, million-dimensional deep neural
networks (DNN) used in medical image segmentation. In
this talk, we discuss a computationally efficient approach
for computing uncertainty of automated DL-based tumor
segmentation, via the partially Bayesian neural networks
(pBNN). In pBNN, a single strategically chosen layer is
used for targeted Bayesian inference while the rest of the
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network can be trained using less-expensive deterministic
methods. Sensitivity Analysis is employed to guide the se-
lection of the layer for Bayesian inference. We illustrate
the benefits of our method, including computational effi-
ciency, and how practitioners and model developers can use
this approach to understand the models uncertainty with
lowered computational resources.
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Uncertainty Quantification in Machine Learning-
Driven Decision Making

We propose to incorporate uncertainty and performance
into AI-advised human decision making to boost user trust
in AI. Motivated by the trial-to-trial approach in the ad-
justment of decision boundaries by humans in decision
making, this paper presents a novel framework of human-
AI teaming for trustworthy AI under uncertainty. The
framework employs the trial-to-trial approach to simulate
the trial to trial process for adjusting decision bound-
aries and provide an estimation of uncertainty in AI. An
Uncertainty-Performance Interface (UPI) in the framework
is then proposed to allow users access the quality and per-
formance of machine learning models in AI at the same
time. The proposed framework allows human and AI col-
laborate in a teaming environment for trustworthy deci-
sions under uncertainty.
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Drawing Independent Samples is the Key to a Fast
Bayesian Sampler

Bayesian sampling algorithms are crucial to providing un-
certainty on model parameters inferred from data and prior
assumptions. Because the space of models compatible with
data and prior assumptions is not known a priori and many
samples may need to be drawn to estimate model uncer-
tainty, Bayesian sampling can be costly in terms of both
computational resources and total run time. This is espe-
cially true if samples must be drawn in sequence (a serial
algorithm) and/or are highly correlated with one another.
Here we show that the key to a fast Bayesian sampler is
to draw independent samples, enabling parallelization of
the algorithm and requiring far fewer samples to estimate
uncertainty. We will show how randomized regularized in-
version can draw independent samples from the Bayesian
posterior, using regularization as prior. We will also show
how this prior can be made flexible by regularizing using
covariance matrices instead of derivative smoothing. The
parameters of covariance regularizationa length scale and
a kernelcan be selected hierarchically by the data during
the inversion.
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MS96

Continuous Learning by Integrating Reinforcement
Learning and Data Assimilation to Individualise
Drug Treatments

In many application areas, there is a need to determine
a control variable that optimizes a prespecified objective.
This problem is particularly challenging when knowledge
on the underlying dynamics is subject to various sources
of uncertainty and access to observations is severely lim-
ited. A scenario such as that for example arises in the con-
text of therapy individualization to improve the efficacy
and safety of medical treatment. Mathematical models de-
scribing the pharmacokinetics and pharmacodynamics of a
drug together with data on associated biomarkers can be
leveraged to support decision-making by predicting ther-
apy outcomes. We present a continuous learning strategy
that allows us to sequentially update the model parameters
and states via a particle-based data assimilation scheme
and combine it with reinforcement learning to tailor the
dosing policy to the specific patient. We explore different
schemes to parametrize the policy as well as the expected
long-term reward in order to deal with the high dimen-
sional action and state space. As these parameterizations
may increase the overall uncertainty we explore how they
are reflected in the approximated control variable.
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MS96

A Nonlinear Dimension Reduction Method for
Bayesian Inverse Problems Using Gradient Eval-
uations

A high dimensional Bayesian inverse problem has a low ef-
fective dimension when the data are informative only on
a low-dimensional subspace. Identifying the parametric
directions where the forward model does not vary signif-
icantly is a key preprocessing step to reduce the dimension
of the problem, and thus to facilitate the construction of a
reduced order model. In this talk, we introduce a method-
ology to detect and exploit such a low-dimensional struc-
ture using gradients of the model. The method consists
in minimizing an upper-bound of the approximation error
obtained using Poincar-type inequalities. This provides a
certified bound on the error caused by the reduction of
the parametric dimension. We then show how the method
naturally extends to *nonlinear* dimension reduction, i.e.
when the variations of the model is essentially contained
on a low-dimensional manifold. Exploiting this kind of
low-dimensional structure yields approximations under the
form of compositions of functions. Within this framework,
there is considerable flexibility and we show on various nu-
merical examples the benefit of this approach.
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A Data-Driven and Model-Based Accelerated
Hamiltonian Monte Carlo Method for Bayesian El-
liptic Inverse Problems

We propose a data-driven and model-based approach to
accelerate the Hamiltonian Monte Carlo (HMC) method
in solving large-scale Bayesian inverse problems. The key
idea is to exploit (model-based) and construct (data-based)
the intrinsic approximate low-dimensional structure of the
underlying problem which consists of two components –
a training component that computes a set of data-driven
basis to achieve significant dimension reduction in the so-
lution space, and a fast-solving component that computes
the solution and its derivatives for a newly sampled ellip-
tic PDE with the constructed data-driven basis. Hence
we achieve an effective data and model-based approach
for the Bayesian inverse problem and overcome the typical
computational bottleneck of HMC – repeated evaluation of
the Hamiltonian involving the solution (and its derivatives)
modeled by a complex system, a multiscale elliptic PDE in
our case. We present numerical examples to demonstrate
the accuracy and efficiency of the proposed method.
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Lagrangian Uncertainty Quantification in Stochas-
tic Flows

We develop a systematic information-theoretic framework
for quantification and mitigation of error in probabilistic
path-based (Lagrangian) predictions which are obtained
from dynamical systems generated by uncertain (Eulerian)
vector fields. This work is motivated by the desire to im-
prove Lagrangian predictions in complex dynamical sys-
tems based either on analytically simplified or data-driven
models. We derive a hierarchy of general information
bounds on the uncertainty in estimates of statistical ob-
servables Eν [f ], evaluated on trajectories of the approxi-
mating dynamical system, relative to the true observables
Eμ[f ] in terms of certain ϕ-divergencies D(μ||ν) which
quantify discrepancies between probability measures μ as-
sociated with the original dynamics and their approxima-
tions ν. We then derive bounds on D(μ||ν) itself in terms
of the Eulerian fields. This framework provides a rigor-
ous way for quantifying and mitigating uncertainty in La-
grangian predictions due to Eulerian model error. Links to
uncertainty quantification in Data Assimilation techniques
will also be mentioned.
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Deep Learning-Enhanced Ensemble-Based Data
Assimilation for High-Dimensional Nonlinear Sys-
tems

Data assimilation (DA) is an indispensable component of
many prediction systems, particularly weather forecasting.
Accurate DA with sequential algorithms such as ensemble
Kalman filter (EnKF) requires generating a large ensem-
ble of forecasts using an often-expensive dynamical model
for calculating the background covariance matrix. In prac-
tice, only a small ensemble is generated and usually ad-hoc
techniques are used to remove spurious correlations in the
covariance matrix, but thus can also lead to the removal of
physical correlations. Here, we leverage recent advances in
deep learning-based data-driven forecast models and build
a computationally inexpensive framework, named Hybrid
EnKF (H-EnKF), to generate large data-driven ensembles
and compute accurate background covariance matrices. A
much smaller number of numerically generated ensembles
are used to provide the background forecast, which will be
used along with the covariance matrix and noisy observa-
tions to produce the analysis state. The performance of
H-EnKF is demonstrated on a two-layer quasi-geostrophic
turbulent system. Without the need for localization and
for the same computational cost, H-EnKF substantially
outperforms EnKF. The approach can be readily used for
other ensemble-based DA methods, such as particle filters.
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MS97

An Efficient Continuous Data Assimilation Algo-
rithm for the Sabra Shell Model of Turbulence

Complex nonlinear turbulent dynamical systems are ubiq-
uitous in many areas of research. Recovering unobserved
state variables is an important topic for the data assimila-
tion of turbulent systems. We introduce an efficient con-
tinuous in time data assimilation scheme, which exploits
closed analytic formulae for updating the unobserved state
variables. Therefore, it is computationally efficient and ac-
curate. The new data assimilation scheme is combined with
a simple reduced order modeling technique that involves a
cheap closure approximation and a noise inflation. In such
a way, many complicated turbulent dynamical systems can
satisfy the requirements of the mathematical structures for
the proposed efficient data assimilation scheme. The new
data assimilation scheme is then applied to the Sabra shell
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model, which is a conceptual model for nonlinear turbu-
lence. The goal is to recover the unobserved shell veloci-
ties across different spatial scales. It is shown that the new
data assimilation scheme is skillful in capturing the non-
linear features of turbulence including the intermittency
and extreme events in both the chaotic and the turbu-
lent dynamical regimes. It is also shown that the new
data assimilation scheme is more accurate and computa-
tionally cheaper than the standard ensemble Kalman filter
and nudging data assimilation schemes for assimilating the
Sabra shell model with partial observations.
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Unbiased Filtering for a Class of Partially Observed
Diffusion Process

In this article we consider a Monte Carlo-based method
to filter partially observed diffusions observed at regular
and discrete times. Given access only to Euler discretiza-
tions of the diffusion process, we present a new procedure
that can return online estimates of the filtering distribu-
tion with no discretization bias and finite variance. Our
approach is based upon a novel double application of the
randomization methods of Rhee & Glynn (2015) along with
the multilevel particle filter (MLPF) approach of Jasra et
al (2017). A numerical comparison of our new approach
with the MLPF, on a single processor, shows that simi-
lar errors are possible for a mild increase in computational
cost. However, the new method scales strongly to arbitrar-
ily many processors with high parallel efficiency. On 1024
cores, the new method demonstrates a 300 times speed-up
compared to MLPF for similar errors.
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MS98

Spatial Logistic Gaussian Process for Density Field
Modelling: Application to Stochastic Inverse Prob-
lems

Nowadays, stochastic simulators are extensively used to ac-
curately model both natural and artificial systems. The re-
sponse distribution can not only vary in mean and/or vari-
ance but also in other features including for instance shape
or uni-modality versus multi-modality. Complex simula-
tions come to a high computational cost, and it is common
to rely on meta-modelling to perform statistical inference
on the systems at hand. We consider a class of models for
non-parametric estimation of the thereby induced fields of
probability distributions based on scattered samples of het-
erogeneous sizes. The Spatial Logistic Gaussian Process

(SLGP) models deliver probabilistic predictions of distri-
butions at candidate points. Having a generative model
enables us to perform uncertainty quantification on our
predictions, and we leverage it to efficiently select addi-
tional simulation locations. We demonstrate applicability
of our approach on stochastic inverse problems and show
that relying on SLGP models allows for speeding-up Ap-
proximate Bayesian Computation methods. We illustrate
it on applications from natural sciences.
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Separating Intrinsic from Extrinsic Randomness
with Gillespie’s Algorithm for Epidemic Models

In mathematical modeling of infectious diseases spread,
compartmental models are often used. These models can
rely on random processes and they can also depend on
many unknown parameters. So, they include two sources
of variability: intrinsic randomness and parameter uncer-
tainty. Therefore, one important issue related to the ex-
ploration of the global variability of model outputs, in the
context of sensitivity analysis, concerns the separation of
these two sources of input variability. In this work, an ap-
proach of separating intrinsic randomness from parameter
uncertainty is proposed for two types of epidemic mod-
els: continuous-time Markov chain based models and non-
Markovian models. Exact representations of model out-
puts as deterministic functions of uncertain parameters
and some random variables that represent the intrinsic ran-
domness are provided. These representations are built on
exact stochastic simulation algorithms of random process
corresponding to the two types of models considered: the
Gillespie algorithm and the Sellke algorithm, respectively.
An application to a model of SARS-CoV-2 spread is in-
cluded to illustrate the practical impact of our approach,
by calculating Sobol sensitivity indices for uncertain input
parameters and intrinsic randomness.
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MS98

Surrogating Stochastic Simulators from Sample
Trajectories Using a Non-Gaussian Random Field
Approach

Stochastic simulators are a class of computational models
that give a different response each time they are run, even
if the same input parameters are used. Such a simulator
can be viewed as a random field, indexed by the space of
its input parameters. We focus on a class of stochastic sim-
ulators for which it is possible to generate trajectories, i.e.,
evaluations of the simulator throughout the space of input
parameters for which the latent variables that induce the
stochasticity of the simulator are held fixed (e.g., by fix-
ing the random seed). Stochastic simulators are typically
highly complex and expensive to run, which makes uncer-
tainty analysis and optimization costly. These costs can be
alleviated by replacing the simulator with a suitable sur-
rogate model, which captures the essential characteristics
of the original model while being much cheaper to evalu-
ate. We propose a surrogate model that combines sparse
polynomial chaos expansion, extended Karhunen-Love ex-
pansion, and parametric inference of joint distributions in
the marginal-copula framework to represent the stochastic
simulator based on a number of model evaluations. The
resulting surrogate model has an analytical form that can
easily be used to compute moments and to sample new
trajectories. In this talk, we demonstrate the performance
of our surrogate model on a real-world engineering applica-
tion, and show how it can be utilized to perform conditional
prediction.
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ETH Zürich
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Extension of Polynomial Chaos Expansions to the
Metamodeling of Stochastic Simulators

Performing uncertainty quantification requires repetitive
evaluations of computational models, which is intractable
for high-fidelity expansive models. This problem exacer-
bates for stochastic simulators, the output of which is a
random variable: each model evaluation produces different
values of the model response even when using the same
input parameters. To alleviate the computational burden
associated with the use of stochastic simulators in opti-
mization or uncertainty quantification, surrogate models
have gained attention in recent years. In this field, many
methods have been focused on representing some summary
statistics of the random response (such as mean, variance,
and quantiles, etc.) as deterministic functions of the in-
put variables. However, much less effort has been devoted
to the emulation of the entire probability distribution of
the model response conditional to the input parameters.
In this contribution, we extend the classical polynomial
chaos expansion to emulating the response distribution of

stochastic simulators. To reproduce the stochasticity in the
model output, we include a latent variable in the expansion
on top of the well-defined input parameters and introduce
an additive Gaussian noise. We propose to combine the
maximum likelihood estimation with cross-validation to fit
the surrogate model from data. We compare the perfor-
mance of the novel approach with other state-of-the-art
methods on various examples from engineering and epi-
demiology.
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MS99

Edge-Preserving Bayesian Optimal Experimental
Design in Inverse Problems

While computational resources are growing rapidly, the
data acquisition in many large-scale inverse problems will
remain restricted or expensive due to fundamental physical
or economical limitations related to the task. As common
examples of such restrictions consider, e.g., astronomical or
seismic imaging. Accordingly, efficient methods are needed
to computationally design e fficient experimental settings
to maximize the information content of experimental data.
Bayesian optimal experimental design (OED) provides a
principled approach for this task firmly based on statis-
tics. In this talk we discuss novel edge-preserving sequen-
tial Bayesian OED methods inspired by so-called lagged
diffusivity iteration. Our method is computationally effi-
cient for large-scale problems as it relies on iterative ap-
proximations of the posterior by Gaussian distributions.
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Optimal Bayesian Design of Sequential Experi-
ments Using Deep Deterministic Policy Gradient

Experiments are indispensable for learning and developing
models in engineering and science. When experiments are
expensive, a careful design of these limited data-acquisition
opportunities can be immensely beneficial. Optimal exper-
imental design, while leveraging the predictive capabilities
of a simulation model, provides a rigorous framework to
systematically quantify and maximize the value of exper-
iments. We focus on designing a finite sequence of exper-
iments, seeking fully optimal design policies (strategies)
that can (a) adapt to newly collected data during the se-
quence (i.e. feedback) and (b) anticipate future changes
(i.e. lookahead). We cast this sequential decision-making
problem in a Bayesian setting with information-based util-
ities, and solve it numerically via policy gradient methods
from reinforcement learning. In particular, we directly pa-
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rameterize the policies and value functions by neural net-
worksthus adopting an actor-critic approachand improve
them using gradient estimates produced from simulated
design and observation sequences. The overall method
is demonstrated on an algebraic benchmark and a sen-
sor movement application for source inversion. The results
provide intuitive insights on the benefits of feedback and
lookahead, and indicate substantial computational advan-
tages compared to previous numerical approaches based on
approximate dynamical programming.
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Convex Relaxation for Sensor Selection in the Pres-
ence of Correlated Measurement Noise

Best sensor selection is of paramount importance when
monitoring spatiotemporal phenomena using large-scale
sensor networks. Our main aim is to develop a technique
of this type for maximizing the parameter estimation accu-
racy when the system in question is modeled by a partial
differential equation and the measurement noise is corre-
lated. The weighted least squares method is supposed to be
used for estimation and the determinant of the covariance
matrix of the resulting estimator is adopted as the measure
of estimation accuracy. This design criterion is to be max-
imized by choosing a set of spatiotemporal measurement
locations from among a given finite set of candidate loca-
tions. To make this combinatorial problem computation-
ally tractable, its relaxed formulation is considered. Opti-
mal solutions are found using extremely efficient simplicial
decomposition. The sequence of iterates monotonically in-
creases the value of the original concave design criterion.
As the resulting relaxed solution is a measure on the set
of candidate measurements and not a specific subset, ran-
domization and a restricted exchange algorithm are used
to convert it to a nearly-optimal subset of selected sensors.
A simulation experiment is reported to validate the pro-
posed approach. The generality of the proposed technique
makes it suitable for other measurement selection problems
for least-squares estimation subject to correlated observa-
tions.

Dariusz Ucinski
Institute of Control and Computation Engineering
University of Zielona Góra
d.ucinski@issi.uz.zgora.pl

MS100

Multilevel Ensemble-Based Data Assimilation for
Subsurface Flow Problems

The process of conditioning a model to observations data
assimilation - is a crucial step when applying models de-
scribing subsurface flow in an operational setting. Within
reservoir engineering, data assimilation using Kalman-filter
type estimation methods have been successfully applied
in a wide range of applications. Based on an ensemble
of models, Monte-Carlo estimates of mean and covariance
are applied. However, it is well known that Monte-Carlo
errors can significantly decrease the accuracy of the re-
sults. Multi-level Monte-Carlo methods have shown large
potential for efficient estimation of statistical quantities.
Moreover, multi-level estimators have been applied in data
assimilation methods. The reservoir engineering problem
is described by a system of partial differential equations

with poorly known coefficients. The simulation models are
typically very large, and black-box solvers are typically ap-
plied. Hence, it is difficult to define a multi-fidelity simu-
lator. In this talk, I discuss the main challenges when ap-
plying multi-level ensemble-based data assimilation meth-
ods for subsurface flow problems. I will present multi-
ple ways of obtaining multi-fidelity simulators and demon-
strate why the standard multi-level schemes fail. Moreover,
I will introduce and demonstrate some alternative multi-
level methods and compare them to single fidelity methods.

Kristian Fossum
NORCE
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MS100

Smc2 for Financial Volatility Models

SMC2 algorithms, which consist of two nested particle fil-
ters, can be used for sequential joint parameter and state
estimation for non-linear and non-Gaussian state-space
models. We first showcase applicability of the SMC2 algo-
rithm with simple Ornstein-Uhlenbeck and Heston stochas-
tic volatility models. Then we generalise to non-Gaussian
financial rough volatility models, and demonstrate the ap-
plicability of the algorithm. Briefly, we also discuss how to
use the methodology to physical state-space models driven
by Cauchy noise. Finally, we apply the rough volatility
models and SMC2 methodology to the January 2015 Swiss
Franc-Euro de-pegging event.

Lassi Roininen
Lappeenranta-Lahti University of Technology
lassi.roininen@lut.fi

MS100

Ensemble Kalman Filter (enkf) for Reinforcement
Learning (rl)

This talk is concerned with the problem of representing and
learning the optimal control law for the linear quadratic
Gaussian (LQG) optimal control problem. In recent years,
there is a growing interest in re-visiting this classical prob-
lem, in part due to the successes of reinforcement learning
(RL). The main question of this body of research (and
also of our paper) is to approximate the optimal control
law without explicitly solving the Riccati equation. For
this purpose, a novel simulation-based algorithm, namely
an ensemble Kalman filter (EnKF), is introduced. The
algorithm is used to obtain formulae for optimal control,
expressed entirely in terms of the EnKF particles. For
the general partially observed LQG problem, the proposed
EnKF is combined with a standard EnKF (for the estima-
tion problem) to obtain the optimal control input based on
the use of the separation principle. The theoretical results
and algorithms are illustrated with numerical experiments.
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MS100

Sparse Online Variational Bayesian Inference

This work aims to study variational Bayesian inference for
sparse regression. Sparsity promoting priors have proven
to be very successful in regression scenarios since it helps
to select meaningful features and avoid overfitting (e.g.
LASSO regression or total variation (TV) regularization in
imaging). We focus on a general class of shrinkage priors
that can be represented as a scale mixture of normal dis-
tributions with a generalized inverse Gaussian distribution
and includes such priors as Laplace, Generalized Jeffrey’s,
Student-t and others. However, since shrinkage priors are
non-Gaussian, a fully Bayesian solution becomes very ex-
pensive, requiring MCMC methods. To alleviate this, we
employ a variational approach that leverages a generaliza-
tion of the expectation-maximization algorithm to recover
the best Gaussian approximation to the sparsity-promoting
posterior. This approach turns out to be especially fast
and scalable in the case of linear models, where it provides
approximate UQ for a substantially smaller cost than fully
Bayesian approaches yet keeping comparable accuracy. Be-
sides, the proposed approach supports online inference to
process the data in batches and strategies for online hy-
perparameter estimation. The high performance in terms
of the variable selection and UQ is demonstrated for com-
plex real and simulated data examples where it competes
against MCMC based methods as well as the other approx-
imate approaches.

Vitaly Zankin
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MS101

A Quantile Conserving Particle Filter with Likeli-
hood Localization

Recent work has shown that a number of deterministic
ensemble filter variants can be unified as specific exam-
ples of a more general quantile conserving ensemble fil-
ter (QCEF) framework. The QCEF algorithm begins by
finding an appropriate continuous probability density func-
tion (PDF) and associated cumulative distribution func-
tion (CDF) corresponding to the prior marginal ensemble
for each scalar state variable. It then uses Bayes and a
continuous likelihood to compute a continuous posterior
PDF and CDF. The posterior ensemble is selected so that
the quantiles of the posterior ensemble with respect to the
posterior CDF are identical to the quantiles of the prior
ensemble with respect to the prior CDF. A determinis-
tic particle filter algorithm is developed using the QCEF
framework. Combined with localization of the likelihood it
can produce posterior ensemble samples of the marginal for
all state variables in a prediction model. However, success-
ful cycling data assimilation in low-order dynamical sys-
tem observing system simulation experiments also requires
a marginal adjustment step in which the rank order of the
different marginal samples is adjusted to be consistent with
results from a more traditional multivariate ensemble filter.
The algorithm will be described along with some results

from Lorenz-96 model experiments
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MS101

Formulation of the Variational Fokker-Planck Fil-
ters and Smoothers

Particle flow filters aim to smoothly transform particles
from being samples of a prior distribution to becoming
samples of a posterior distribution. The particle dynamics
in state space is described by a stochastic differential equa-
tion. We discuss several aspects of the formulation of Vari-
ational Fokker-Planck method for filtering and smoothing,
including the formulation of optimal drift of particle dy-
namics equations, and the regularization of the flow, based
on information theoretic arguments, such as to avoid par-
ticle collapse.

Adrian Sandu
Virginia Polytechnic Institute and State University
Computational Science Laboratory
sandu@cs.vt.edu

MS101

A Variational Fokker-Planck Method for Data As-
similation

Particle filters are used for state estimation while dealing
with uncertainty in model dynamics and observations. Un-
like traditional filters, particle filters are constrained by
fewer assumptions. Variational particle filtering techniques
aim to minimize the KL Divergence between the forecast
prior and a target posterior that combines the noisy ob-
served data with the prior states. One drawback of these
methods is the excessive tuning in the face of high dimen-
sionality. Our formulation via the Fokker-Planck equa-
tion performs the above minimization successfully even
in higher dimensions. We have developed methods for
both filtering and smoothing. Our experiments show that
out formulation is competitive with many state-of-the-art
methods.
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MS101

Particle Flow Filters and Smoothers for High-
Dimensional Geophysical Problems

Fully nonlinear Bayesian Inference in high-dimensional sys-
tems is hard to achieve, and progress in the last 50 years
is perhaps disappointing. Variational methods suffer from
a Gaussian prior. They target the mode of the posterior
pdf and are not efficient to provide uncertainty on that
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estimate. Monte-Carlo methods such as Particle Filters
suffer from weight collapse, even when only local updates
are performed, simply because the number of independent
observations is too high in these local areas. Markov Chain
methods are inefficient because the algorithm to generate
samples is essentially sequential. Recently optimal trans-
portation methods have gained popularity, especially so-
called Particle Flow Filters. Particle Flow Filters move
samples from the prior into samples from the posterior by
solving an SPDE for each particle, where the flow fields of
different particles are coupled. No weighting is needed, so
filter degeneracy does not occur. Many variants have been
and are being developed, and some can be applied to very
high dimensional systems. We will show results for Parti-
cle Flow Filters and Smoothers in which the flow field is
embedded in a Reproducing Kernel Hilbert Space. Specif-
ically, both filters and smoothers methods have been ap-
plied to high-dimensional Lorenz 1996 models and to mul-
tilayer quasi-geostrophic models. We specifically concen-
trate on the ability of the methods to accurately represent
multimodal posterior pdfs in high-dimensional systems.
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MS102

Nonlinear Model Reduction via Projection onto
Optimal Dynamically Orthogonal Subspaces

The success of Petrov-Galerkin projection for the reduc-
tion of PDE models relies critically on the existence and
identification of a low-dimensional subspace in which the
characterizing dynamic features of the high-fidelity model
can be captured. While many traditional methods such as
POD provide a powerful machinery to identify such sub-
spaces in the form of a time-invariant basis simply from
simulation data, they are known to fall short in certain
settings. A particularly important shortcoming in the con-
text of space weather applications is that these techniques
are challenged in the advection dominated regime; in this
regime, capturing the propagation of sharp features such
as shocks through time and space is required, however,
only seldom possible with a low-dimensional time-invariant
subspace. To address this issue, we present a versatile
smooth optimal control formulation that seeks to iden-
tify a time-variant subspace spanned by dynamically or-
thogonal evolving modes from off-line generated simula-
tion data. We show how this formulation informs several
strategies for building projection-based reduced order mod-
els. These strategies range from direct solution of the opti-
mal control problem which allows fitting of ROM trajecto-
ries to reference trajectories, over more scalable greedy ap-
proaches akin dynamical low rank approximation, to fully
data driven approaches. We discuss the necessary com-
putational infrastructure developed in Julia and provide
illustrative examples.
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MS102

Sobol’ Sensitivity for Uncertain Model Parameters
in Simulations of Background Solar Wind

The Space Weather Modelling Framework (SWMF) offers
efficient and flexible sun-to-earth simulations based on cou-
pled first principles and/or empirical models. This encom-
passes computing the quiet solar wind, generating a coro-
nal mass ejection (CME), propagating the CME through
the heliosphere, and calculating the magnetospheric im-
pact via geospace models. Accurate long-term predictions
from these different steps and models are challenging due
to the uncertainty and variation of many model inputs and
parameters. In this work, we perform uncertainty quantifi-
cation (UQ) for the quiet solar wind simulations produced
by the Alfven Wave Solar atmosphere Model (AWSoM).
First, the various sources of parametric uncertainty and
their distributions are catalogued. This leads to space-
filling designs for high-fidelity simulations that propagate
the uncertainty from the inputs to key predictive quantities
of interest (QoIs) such as radial velocity and number den-
sity. In the next step, Polynomial Chaos Expansion (PCE)
surrogates are built for each QoI, enabling Global Sensi-
tivity Analysis (GSA) through calculation of time-varying
Sobol indices. Assessing the sensitivity allows retention
of only the most impactful parameters from the stochastic
space. We summarize our findings for solar maximum and
minimum conditions.

Aniket Jivani, Xun Huan, Yang Chen, Bart van der
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MS102

Shifted Operator Inference for Data-Driven Mod-
eling of Solar Winds

In this talk, we present a new data-driven reduced-order
modeling strategy for advection dominated phenomena,
such as solar winds. The methods is based on operator
inference, which learns reduced-order model operators di-
rectly from data. We augment the method by shifting the
basis along with the advection direction. We suggest two
strategies to detect the shift, one by analyzing the charac-
teristics of the flow solution (in a situation where the PDE
is known, but no access to the code is given) and one by
learning the shift from a given data set, which then con-
stitutes a fully non-intrusive framework. This new method
is developed for the challenges that arise in modeling solar
winds, which consist of a continuous flow of charged parti-
cles from the sun caused by coronal heating. Accurate and
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fast forecasts of solar winds are important avoid damage
to space equipment. Our numerical results show that we
can accurately predict solar wind streams in one and two-
dimensional models at much reduced computational cost.
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bmkramer@ucsd.edu

Opal Issan
University of California, San Diego
oissan@ucsd.edu

MS102

Modeling Solar Wind Flow with Quantified Uncer-
tainties at the Earth’s Orbit

The solar wind (SW) emerging from the Sun is the main
driving mechanism of solar events which may lead to ge-
omagnetic storms that are the primary causes of space
weather disturbances that affect the magnetic environment
of Earth and may have hazardous effects on the space-
borne and ground-based technological systems as well as
human health. We describe our approach to the develop-
ment of a new chain of models based on modern computa-
tional methods and entirely open source. The new models
will provide more accurate solutions and will be scalable on
massively parallel systems, including Graphic Processing
Units. This will allow the user community to easily experi-
ment with these tools and combine them with other models
to produce more advanced space weather modeling capa-
bilities. This suite allows us to perform simulations with
uncertainty quantification, which is implemented through
ensemble modeling based on predictive metrics and skill
analysis. The uncertainties in the input data are considered
together with the coronal mass ejection model parameter
uncertainties. The application of machine learning tech-
niques is discussed.
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MS103

History Matching: Overview and Challenges

This talk provides an introduction and overview for history
matching, covering basic ideas, how they are implemented,
the challenges involved in applying the approach to large
and complex systems and some of the directions in which
the methodology has developed in order to meet these chal-
lenges.

Michael Goldstein
Durham University
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MS103

Design of Physical Experiments for History Match-
ing

History matching aims to find the set of all non-implausible
inputs to a computer model, that is, those which are not
inconsistent with observed data, given all the sources of
uncertainty associated with the model and the measure-
ments. The progress of a history match is often measured
in terms of the proportion of the initial input space classed
as implausible, although other criteria can be used, such
as the reduction in the variance of scientifically important
parameters. Analysis of such quantitative features of the
non-implausible set is informative for answering current
questions about the real-world quantities associated with
the input parameters and the links between them. We
therefore quantify the expected information gain result-
ing from performing possible future physical experiments
in terms of history matching criteria related to scientific
questions of interest, thus allowing the most relevant and
informative experiments to be performed. We demonstrate
our techniques on an important systems biology model of
hormonal crosstalk in the roots of an Arabidopsis plant.

Sam Jackson, Ian Vernon
University of Durham
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MS103

Tackling Persistent Climate Model Uncertainty Us-
ing a History Matching Approach

The effects of aerosols (small particles suspended in the
air) on the Earths energy balance since pre-industrial times
(aerosol radiative forcing) has significantly and repeatedly
dominated the uncertainty in reported estimates of global
temperature change from the Intergovernmental Panel on
Climate Change (IPCC). The magnitude of aerosol radia-
tive forcing of climate over the industrial period is esti-
mated to lie between -2 and -0.4 W m−2, compared to a
much better understood forcing of 1.6 to 2.0 W m−2 due
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to CO2. In this study we quantify the range of possible
aerosol forcings in the HadGEM3-UKCA aerosol-climate
model caused by parametric uncertainty and then con-
strain that forcing uncertainty through a history match-
ing approach, using an extensive set of (9000+) aerosol
measurements (including aerosol optical depth, and PM2.5,
N50 and sulphate concentrations) from ships, flight cam-
paigns and ground stations. We find that despite a very
large reduction in plausible parameter space, and reason-
able constraint on global and regional mean aerosol prop-
erties, the observational constraint based on this compre-
hensive set of measurements only mildly reduces the range
of aerosol radiative forcings from our model. This work has
highlighted several key statistical challenges to address in
order to improve the model-observation comparison pro-
cess for constraint, including better characterisations of
representation errors and reducing error compensation ef-
fects.
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MS104

Model Correction and Validation of Reduced
Lotka-Volterra Models

Interacting physical systems often comprise hundreds of
species and their complex dynamics, such as ecological
communities, chemical reactions, or epidemic populations.
Modeling these interactions with standard Lotka-Volterra
type models quickly becomes computationally expensive
or intractable, and so we often use reduced models involv-
ing only interactions between the species of interest. But
these reductions can lead to high model error, rendering
the model useless for various prediction tasks, e.g., prob-
abilities of species extinctions, contaminant levels, or epi-
demic outbreaks. Therefore, we explore the reduction of
model error through interpretable model correction. We
augment partial (reduced) Lotka-Volterra models with an
inadequacy operator to form an enriched model, calibrate
with hierarchical Bayesian inference, and validate with a
posterior predictive assessment. The inadequacy opera-
tor is informed by the physical system and contains terms
to capture the equilibrium and transient behavior of the
species of interest. Results show that the model error-
caused by omitting interaction terms beyond the species
of interestcan be recovered with an inadequacy operator
involving a small fraction of the number of omitted terms.
We also identify a surprising trend between the complexity
of the partial model and the enriched models error: it is
easier to correct partial models involving either a small or
large number of species, while the mid-range is the hardest
to correct.
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MS104

Physics Constrained Learning for Model Form Un-

certainty Quantification

This work proposes techniques to quantify and reduce
model form errors by embedding learnable functions within
partial differential equation-based models. With a view
towards ensuring robustness, the feature space and the
features-to-augmentation map are carefully designed. The
approach is designed to ingest sparse data from different
physical problems, and create models to make predictions
in unseen configurations. To promote generalizability, a
constrained optimization problem is solved to minimize
the mutual information between the observed data and the
model parameters while maintaining a threshold on the re-
construction accuracy. Demonstrations are presented on
synthetic partial differential equation examples as well as
in the prediction of turbulent flows.
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MS104

Efficient Characterization of Model Uncertainty for
Ice Sheet Flow Problems

We consider the Bayesian inference of the unknown basal
sliding coefficient field in the presence of additional uncer-
tainty in the nonlinear first-order Stokes ice sheet model
MALI. To account for the associated model uncertainty
(due to an imperfectly known secondary nuisance stiffening
factor parameter), we employ the Bayesian Approximation
Error (BAE) approach. With BAE the nuisance parame-
ter and measurement noise are approximately premarginal-
ized, which results in a posterior distribution for the basal
sliding coefficient field. We discuss an efficient approxima-
tion strategy for the first and second order statistical mo-
ments of the model discrepancy, which is a critical compo-
nent of the BAE framework. The resulting (approximate)
Gaussian model discrepancy probability density is utilized
for the inference of the basal sliding coefficient from noisy
surface velocity measurements on the Humboldt glacier.
We show that the BAE approach avoids overly confident
and erroneous inference such as that which can occur when
model uncertainty is neglected entirely.
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Discrepancy Prediction in Dynamic System Models
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Using Machine Learning

Simulation models are used to make predictions where
there is no experimental data, such as untested input time
histories. The reliability of simulation models for these
conditions is in question since the model discrepancy in
the predictions is unknown. In this work, a probabilis-
tic framework for discrepancy prediction is developed for
dynamic system models under untested input time his-
tories. First, model discrepancy is estimated from avail-
able experiments using state estimation. Then two surro-
gate modeling-based methods, namely observation surro-
gate and bias surrogate, are developed. In the first method,
a neural network is trained for the observed experimental
output, and the model discrepancy for the untested in-
put is obtained by comparing the output of the observa-
tion surrogate with the output of the physics-based model.
The second method trains a neural network for the discrep-
ancy in terms of the inputs in the conducted experiments.
The discrepancy machine learning model is then used to
correct the simulation model prediction at each time step
under a predictor-corrector scheme; the corrected predic-
tion is compared with the original prediction to compute
the model discrepancy under untested conditions. The two
approaches are demonstrated to predict the discrepancy in
an air cycle machine computational simulation under an
untested time history.
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MS105

Low-Rank Conditional Structure in Transport
Maps for Bayesian Inverse Problems

Approximate sampling via probability transport maps has
recently gained popularity as an alternative and a com-
plement to standard sampling strategies such as MCMC.
The computational effort needed to train a transport map
depends on the total number of map parameters, making
high-dimensional inference problems difficult. We present
a new method for encoding sparsity in transport maps by
exploiting low-rank conditional structure in the target dis-
tribution. We enforce map components to depend on low-
dimensional summaries of the input variables we learn by
solving a particular eigenvalue problem. We will demon-
strate performance improvements in both the accuracy of
the approximate posterior and in the training behavior of
the map compared to un-structured maps.
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MS105

BayesFlow: New Advances From the Frontier of

Simulation-Based Inference

Invertible neural networks have proven remarkably pow-
erful in performing amortized simulation-based Bayesian
inference. However, important issues, such as Bayesian
model comparison, model misspecification, and sources of
epistemic uncertainty, have barely been the topic of dis-
cussion throughout the recent literature. In this talk, we
present novel developments aimed at tackling these issues
within a single framework for performing fully Bayesian
amortized inference. Further, we briefly showcase the beta
version of out BayesFlow library which intends to bridge
the gap between custom tailored solutions for individual
applications and the general needs of modelers relying on
simulation-based inference.

Stefan Radev
Universität Heidelberg
stefan.radev93@gmail.com

Paul-Christian Bürkner, Marvin Schmitt
University of Stuttgart
paul.buerkner@gmail.com,
marvin.schmitt@psychologie.uni-heidelberg.de

Ullrich Köthe
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MS105

Statistical Inverse Problems and Affine-Invariant
Gradient Flow Structures in the Space of Proba-
bility Measures

Statistical inverse problems lead to complex optimisation
and/or Monte Carlo sampling problems. Gradient descent
and Langevin samplers provide examples of widely used al-
gorithms. In my talk, I will discuss recent results on sam-
pling algorithms, which can be viewed as interacting parti-
cle systems, and their mean-field limits. I will highlight the
geometric structure of these mean-field equations within
the, so called, Otto calculus, that is, a gradient flow struc-
ture in the space of probability measures. Affine invariance
is an important outcome of recent work on the subject,
a property shared by Newtons method but not by gradi-
ent descent or ordinary Langevin samplers. The emerging
affine invariant gradient flow structures allow us to discuss
coupling-based Bayesian inference methods, such as the
ensemble Kalman filter, as well as invariance-of-measure-
based inference methods, such as preconditioned Langevin
dynamics, within a common mathematical framework. Ap-
plications include nonlinear and logistic regression.
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MS106

Multilevel Stein Variational Gradient Descent with
Applications to Bayesian Inverse Problems

This work presents a multilevel variant of Stein variational
gradient descent to more efficiently sample from target dis-
tributions. The key ingredient is a sequence of distributions
with growing fidelity and costs that converges to the tar-
get distribution of interest. For example, such a sequence
of distributions is given by a hierarchy of ever finer dis-
cretization levels of the forward model in Bayesian inverse
problems. The proposed multilevel Stein variational gradi-
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ent descent moves most of the iterations to lower, cheaper
levels with the aim of requiring only a few iterations on
the higher, more expensive levels when compared to the
traditional, single-level Stein variational gradient descent
variant that uses the highest-level distribution only. Un-
der certain assumptions, in the mean-field limit, the error
of the proposed multilevel Stein method decays by a log
factor faster than the error of the single-level counterpart
with respect to computational costs. Numerical experi-
ments with Bayesian inverse problems show speedups of
more than one order of magnitude of the proposed mul-
tilevel Stein method compared to the single-level variant
that uses the highest level only.
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MS106

A Scalable Sampling Approach for Multilevel
Markov Chain Monte Carlo

Model-based simulations are an important tool for pre-
dicting physical phenomena. In the presence of uncertain
physical parameters, which describe the system of inter-
est, accurately assessing confidence in these results, e.g.,
performing Bayesian inference, can be computationally ex-
pensive, particularly when the uncertain physical param-
eters are spatially varying quantities. Not only are the
corresponding high-fidelity (fine grid) simulations expen-
sive, but commonly used statistical approaches, such as
Markov chain Monte Carlo (MCMC), require an exceed-
ingly high number of simulations. In this work, we develop
a new scalable sampling method which complements the
algorithmic framework of multilevel MCMC, where coarse
grid simulations are used to inform the fine level proposal
distribution, thereby accelerating MCMC. Specifically, us-
ing tools from algebraic multigrid, we form a (scalable) fine
grid Gaussian random field realization from a fine grid pro-
posal by combining Gaussian random fields sampled across
multiple levels of discretization. In this talk, we describe
this new approach, corresponding theory, and numerical
results when applied to a 3D subsurface flow application.
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MS106

Multifidelity-Multilevel Approaches for Solution of
Parametric Partial Differential Equations: Appli-
cation to Topology Optimization

In this talk we present two main topics involving solu-
tion of parametric partial differential equations. We be-
gin with the problem of robust topology optimization and
present an approach which approximates the high fidelity
structural analysis solutions, design sensitivities and sub-
sequently the robust design with a neural network which
is trained by the data associated with the map between
low resolution images and the low rank approximation co-
efficients in a bi-fidelity approximation setting [Keshavarz-
zadeh et al., Robust topology optimization with low rank
approximation using artificial neural networks, Computa-
tional Mechanics, 2021]. We then briefly discuss multilevel
approximation to the solution of linear elliptic paramet-
ric PDEs using a novel numerical quadrature rule. We
show the application of this approach to the analysis of
linear elastic structures with random field elastic modulus
which are frequently used in the context of robust design
optimization [Keshavarzzadeh et al., Multilevel Designed
Quadrature for Partial Differential Equations with Ran-
dom Inputs, SIAM Journal on Scientific Computing, 2021].
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MS106

Multifidelity Methods for Covariance Estimation
with Applications to Data Assimilation

Ensemble data assimilation (DA) methods perform sequen-
tial state estimation in dynamical systems by interleaving
applications of a dynamical model with conditioning on
observations. The latter involves estimating and applying
a prior-to-posterior transformation (P2PT). The ensem-
ble Kalman filter (EnKF) constructs affine P2PTs from
covariance matrix estimates. Nonlinear generalizations of
the EnKF may instead solve a convex optimization for pa-
rameters of a nonlinear transformation. In most practical
DA scenarios the ensemble size is small relative to state
dimension, rendering P2PT estimation difficult. We thus
consider multifidelity schemes in which cheaper, less accu-
rate dynamical models are used alongside their high-fidelity
counterpart. To this end, we present three multifidelity co-
variance estimators. We first extend optimal linear control
variate (LCV) multifidelity estimators to matrix-valued
random variables on Euclidean space; here we achieve sig-
nificant variance reduction but find that the resulting esti-
mates may be indefinite. We next present two multifidelity
covariance estimators which preserve positive definiteness
by construction: one applies LCVs to the covariance matrix
logarithm, and the other performs multifidelity estimation
on the manifold of positive definite matrices via regression.
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Finally, we comment on links to multifidelity convex opti-
mization, where loss of convexity may occur if LCVs are
applied to a sample average estimate of the objective.
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MS107

Fast Generation and Enumeration Strategies of
Frolov Lattices

In high dimensional integration, lattices rules are highly ef-
fective. In particular, prescribed lattices yield reliable error
guarantees for many classical smoothness classes. As far
as implementation is concerned, it is crucial to be able to
enumerate lattices points in hypercubes inexpensively. Ex-
isting enumeration procedures are based on intrinsic prop-
erties of the lattices such as periodicity, orthogonality, re-
currences, etc. In this paper, we present a general-purpose
fast enumeration procedure based on linear programming.
The procedure has proven to be very flexible and effec-
tive. We discuss its general formulation, acceleration, and
relaxation techniques. Numerical experiments concerned
with the enumeration of Frolov-Chebyshev lattices are also
presented.
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Density Estimation for lognormal PDEs Using
Quasi-Monte Carlo with Preintegration

Quasi-Monte Carlo (QMC) methods have shown great suc-
cess in tackling difficult high-dimensional problems that
often occur in uncertainty quantification. However, a key
limitation is that they only approximate the expected value
of the quantity of interest. One of the main reasons for this
limitation is the smoothness requirements, such as requir-
ing square-integrable mixed first derivatives. In this talk,
we present a method for approximating the cumulative dis-
tribution function (cdf) and probability density function
(pdf) of a quantity of interest coming from the solution of
an elliptic PDE with lognormal random coefficients. The
key idea is to formulate the cdf (and pdf) as an expected
value, or equivalently, a high-dimensional integral, which
can then be efficiently approximated by QMC. Typically
QMC methods struggle to efficiently approximate the cdf
because of a lack of smoothness in the integrand, which for
the cdf is an indicator function. We overcome this by using
an initial preintegration step to smooth out the integrand.
Preintegration, also known as conditional Monte Carlo, is
a method for smoothing a discontinuous function by inte-
grating with respect to a single specially chosen variable.
The result is a function in one dimension less that is now
smooth (under appropriate assumptions). We will outline
the QMC with preintegration method for approximating
the cdf and pdf for lognormal PDEs, then present an error
analysis and numerical results.
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MS107

Density Estimation in RKHS with Application to
Korobov Spaces in High Dimensions

In this talk, we will consider a kernel method for estimating
a probability density function (pdf) from an i.i.d. sample
drawn from such density. Our estimator is a linear com-
bination of kernel functions, the coefficients of which are
determined by a linear equation. We will present an error
analysis for the mean integrated squared error in a general
reproducing kernel Hilbert space setting. We will discuss
how this theory can be applied to estimate pdfs belonging
to weighted Korobov spaces. Under a suitable smoothness
assumption, our method attains a rate arbitrarily close to
the optimal rate.
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Monte Carlo and Quasi-Monte Carlo Probability
Density Estimation

Monte Carlo and quasi-Monte Carlo methods are widely
used and studied for estimating the expectation of some
random model X, via several realizations of this model.
This data, however, can provide much more information
than just the mean and a confidence interval. In fact, it
can be used to estimate the entire distribution of X. In
this talk, we assume that we can generate observations
of X by standard Monte Carlo simulation. For that set-
ting, we introduce novel unbiased probability density esti-
mators based on conditional Monte Carlo and Likelihood
Ratio techniques, and compare them with well known stan-
dard estimators (Kernel Density estimators). Moreover, we
demonstrate when and how we can make use of random-
ized quasi-Monte Carlo to improve the convergence rate of
the mean integrated squared error.
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MS108

Interplay Between Isogeometric and Stochastic
Collocation for Uncertainty Quantification of Tim-
ber Beams

Timber presents numerous defects like knots and variabil-
ity of grain angle, consequence of the natural grow process
of the material. It is well known from the engineering liter-
ature that such imperfections deeply affect the mechanical
response of structural elements. Therefore, it would be fun-
damental for engineers and industry to know the pointwise
value of grain direction. However, in this regard, the cur-
rent industrial technology is limited, since the estimation
of grain direction is afforded at the surface of the board,
only. It is then of primary importance the development of
alternative numerical strategies that allow to include and
treat the above-mentioned uncertainty in mechanic mod-
els. This presentation deals with a prismatic beam behav-
ing in plane stress and made of a linear-elastic orthotropic
material with stochastic distribution of material principal
directions. To perform UQ on this model we will couple the
stochastic collocation method in probability with the iso-
geometric collocation method in space, namely IGA will be
employed to solve each instance of the mechanical deter-
ministic problem. The performed numerical experiments
show that the proposed numerical method is a promising
tool for timber industry. Indeed, reliable solutions are pro-
vided at low computational cost and time scales compatible
with the speed of industrial processes.
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Isogeometric Multilevel Quadrature for Forward
and Inverse Random Acoustic Scattering

We study the numerical solution of forward and inverse
acoustic scattering problems by randomly shaped obsta-
cles in three-dimensional space using a fast isogeometric
boundary element method. Within the isogeometric frame-
work, realizations of the random scatterer can efficiently
be computed by simply updating the NURBS mappings
which represent the scatterer. This way, we end up with
a random deformation field. In particular, we show that
the knowledge of the deformation field’s expectation and
covariance at the surface of the scatterer are already suf-

ficient to model the surface Karhunen-Loève expansion.
Leveraging on the isogeometric framework, we utilize mul-
tilevel quadrature methods for the efficient approximation
of quantities of interest, such as the scattered wave’s expec-
tation and variance. Computing the wave’s Cauchy data
at an artificial, fixed interface enclosing the random ob-
stacle, we can also directly infer quantities of interest in
free space. Adopting the Bayesian paradigm, we finally
compute the expected shape and the variance of the scat-
terer from noisy measurements of the scattered wave at the
artificial interface. Numerical results for the forward and
inverse problem are given to demonstrate the feasibility of
the proposed approach.
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Density Estimation in Uncertainty Propagation -
Approximating Pushforward Measures

In many scientific areas, uncertainty propagation is em-
ployed to account for the effect of uncertain parameters
in an otherwise deterministic model. Traditionally, the
analysis of such problems is done through the lens of mo-
ment approximation. However, in many applications, the
”full statistics” are required, i.e., we wish to approximate
the probability density function (PDF). Underlying this
computational problem is a fundamental question - if two
”similar” functions pushforward the same measure, would
the new resulting measures be close, and if so, in what
sense? We will show how the PDF of the quantity of inter-
est can be approximated, first using a spline-based method
and then using spectral methods, both with theoretical
guarantees. We will then present an alternative view-
point: through optimal transport theory, a Wasserstein-
distance formulation of our problem yields a much simpler
and widely applicable theory.
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Shape Deformations for Maxwells Eigenproblem in
an Isogeometric Setting

In many applications, splines are a beneficial choice for the
spacial discretization for a geometric domain, when investi-
gating shapes under uncertainties. In accelerator cavities,
particularly the eigenvalues are sensitive to uncertainties in
the shape of the geometry. Since the synchronization be-
tween the electromagnetic field and the accelerated particle
is crucial, it is important to control the eigenfrequencies.
Employing Isogeometric Analysis (IGA) for the spacial dis-
cretization of the cavity allows for an exact representation
of the geometry and smooth fields for subsequent particle
tracking. Furthermore, when considering deformations of
the geometry remeshing can be avoided. When investigat-
ing the eigenvalues along shape deformations, crossings of
the eigenvalues can occur. Hence, for the uncertainty quan-
tification of eigenvalue problems, more sophisticated meth-
ods are necessary. In our work, we apply algorithms, which
employ derivatives with respect to an introduced deforma-
tion parameter, to track the eigenvalues along a deforma-
tion [N. Georg et al., UQ for Maxwells eigenproblem based
on IGA and mode tracking., CMAME, 350, 228-244, 2019.].
We formulate the required derivatives as shape derivatives
with respect to the IGA control points. Acknowledgement :
This work is supported by the Graduate School CE within
the Centre for Computational Engineering at Technische
Universitt Darmstadt.
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Computational Electromagnetics Group (CEM), TU
Darmstadt
Centre for Computational Engineering (CCE), TU
Darmstadt
schoeps@gsc.tu-darmstadt.de

MS109

Optimal Experimental Design and Active Learning
Through Objective-Based Uncertainty Quantifica-
tion

Objective-based uncertainty quantification (objective-UQ)
is highly useful in real-world problems that aim to achieve
specific scientific or engineering objectives based on com-
plex uncertain systems. The mean objective cost of un-
certainty (MOCU) provides effective means of quantify-

ing the impact of model uncertainty on the operational
goals at hand, leading to robust optimal experimental de-
sign (OED) and active learning strategies for model im-
provement. In this talk, we discuss the role of objective-
UQ in optimal experimental design and active learning
based on uncertain scientific models and demonstrate its
performance based on several examples. Furthermore, we
show how machine learning schemes can be used to accel-
erate MOCU-based optimal experimental design, resulting
in 100 1,000 fold speed-up at virtually no degradation in
the OED performance.
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Tackling Data Fusion and Stochastic Inverse Prob-
lems with Statistical Scoring

Fusing probabilistic data represented as finite samples
and solving stochastic inverse problems share a common
challenge: evaluating the difference between observational
datasets and distributions generated by probabilistic mod-
els in a computationally tractable way. We propose a
strategy commonly used in forecast verification to quan-
titatively evaluate and rank data sets or different parame-
ter combinations for a probabilistic model to address this
challenge. This is typically based on scalar metrics that
take as input observational data and samples for a model
distribution to be evaluated. We will discuss challenges
in the context of fusing high energy particle accelerators
data and physics hypotheses and solving inverse problems
driven by stochastic differential equations.
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Smoothing with Transport Maps

Smoothing is a challenging form of data assimilation.
Where filters integrate out past states to maintain constant
dimensionality, smoothers solve the full inference problem.
As new data points are assimilated, the inference horizon
widens, appending a new set of state space dimensions with
each new time step. This can quickly result in inference
over extremely high-dimensional distributions, demanding
some form of sparsity to render it tractable. We adopt a
transport perspective on smoothing. Transport methods
are a set of variational inference techniques which permit
the nonlinear conversion of samples from a joint distribu-
tion into samples of any of its conditionals. This prop-
erty can be molded to many inference problems, including
smoothing. Formulating a dense transport map for the
full data assimilation problem, we find that different es-
tablished smoothing algorithms can be derived as sparse
special cases of this dense map. We then compare the per-
formance of different sparse map configurations over vary-
ing inference horizons and different ensemble sizes. We
observe that in the case of limited ensemble sizes, common
to high-dimensional systems with computationally expen-
sive models, some forms of sparsity - especially those ex-
ploiting the structure of the joint distribution’s graph -
perform substantially better than those who do not. We
conclude by exploring these findings in the context of non-
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linear smoothing.
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A Generalized Deep Neural Network Model with
Continuous Weights

Overparameterization is commonly used because the exist-
ing theories indicate that overparameterization will provide
more abundant activation patterns and thus lead to better
theoretical expressive power. However, recent work shows
that the practical expressive power of a neural network is
often far from the theoretical one because many redundant
neurons may not be activated in all regions after training.
One reason is that the standard network model is essen-
tially a discrete architecture, and all the weight and bias
components are independent. We propose to develop a
continuum network architecture by converting the weight
matrices of the standard network model into weight func-
tions. We introduce a set of auxiliary variables and define
the networks weights as functions of the auxiliary variables.
Training the weight matrices will then become learning
the weight functions in a prescribed function family. We
demonstrate that the proposed model has higher expressive
power than the standard model in function approximation.
Additionally, we develop a new automatic differentiation
strategy to compute the derivatives of the networks out-
puts with respect to the inputs, which can significantly
improve the efficiency in using networks for PDEs.
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Rates of Posterior Contraction for Direct and In-
verse Problems with Besov-Space Priors

Bs
1-Besov priors have been introduced in the applied

Bayesian inverse problems literature, due to their sparsity
promoting and edge-preserving properties. They are de-
fined via a wavelet basis and employ �1-type penalization
of the coefficients, thus, they are expected to perform well
for unknowns with blocky structure as is typical in imag-
ing applications. In this talk, we will discuss the frequentist
asymptotic performance of Bs

1-Besov priors, for direct and
inverse problems, in terms of rates of posterior contraction.
In particular, we will first substantiate the intuitively ex-
pected advantage of such priors over Gaussian priors for

blocky unknowns, in the context of direct problems. Then,
we will establish rates of contraction for nonlinear PDE in-
verse problems under Bs

1-Besov priors. The talk is based
on published and ongoing work, done in collaboration with
Masoumeh Dashti, Tapio Helin, Aimilia Savva and Sven
Wang.
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Neural Networks in Infinite Dimensions

A general framework for data-driven approximation of
input-output maps between infinite-dimensional spaces is
developed. Motivated by the recent successes of neural net-
works, the proposed approach uses a combination of ideas
from deep learning and model reduction. This combination
results in a neural network approximation which, in princi-
ple, is defined on infinite-dimensional spaces and, in prac-
tice, is robust to the dimension of the finite-dimensional
approximations of these spaces required for computation.
For large classes of input-output maps, and suitably cho-
sen probability measures on the inputs, convergence of the
proposed approximation methodology is proved. Numeri-
cally, the effectiveness of the method is demonstrated on
classes of parametric PDE problems with applications in
reservoir modeling, the deformation of plastic materials,
and the turbulent flow of fluids. Convergence and robust-
ness of the approximation scheme with respect to the size
of the discretization is established. The method is shown to
be faster and more accurate than many existing algorithms
in the literature.
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On Polynomial-Time Computation of High-
Dimensional Posterior Measures by Langevin-Type
Algorithms

This talk considers the problem of generating random sam-
ples of high-dimensional posterior distributions. The main
results consist of non-asymptotic computational guarantees
for Langevin-type MCMC algorithms which scale polyno-
mially in key quantities such as the dimension of the model,
the desired precision level, and the number of available sta-
tistical measurements. As a direct consequence, it is shown
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that posterior mean vectors as well as optimisation based
maximum a posteriori (MAP) estimates are computable in
polynomial time, with high probability under the distribu-
tion of the data. These results are complemented by statis-
tical guarantees for recovery of the ground truth parameter
generating the data. Our results are derived in a general
high-dimensional non-linear regression setting (with Gaus-
sian process priors) where posterior measures are not nec-
essarily log-concave, employing a set of local ‘geometric’
assumptions on the parameter space, and assuming that a
good initialiser of the algorithm is available. The theory is
applied to a representative non-linear example from PDEs
involving a steady-state Schrdinger equation.

Sven Wang
Massachusetts Institute of
Technology
svenwang@mit.edu

MS111

Multi-Objective Robust Bayesian Optimization

The use of Bayesian optimization is widely spread in en-
gineering design to reduce the number of computational
expensive simulations. Input uncertainties are important
to take into consideration in many real-life design opti-
mization problems due to, e.g., manufacturing tolerances.
Analyzing and propagating input uncertainty is an impor-
tant step to ensure an inferred optimal design is still sat-
isfying in reality with high probability. While this prob-
lem has been actively investigated in the single-objective
Bayesian optimization setting, it is less considered for
multi-objective Bayesian optimization. In this talk, we give
an overview of several ways we can integrate input uncer-
tainty in the problem formulation. We then introduce a
simple yet effective robust multi-objective Bayesian opti-
mization framework to efficiently search for robust optimal
solutions. The robustness is considered by utilizing Bayes
risk on the objective function, which can be efficiently in-
ferred by a robust Gaussian Process (GP). We also elabo-
rate on specific issues such as the prediction uncertainty of
the robust GP which cannot be reduced to zero by solely
sampling at a certain input due to the aggregated repre-
sentation of uncertainty w.r.t input locations. This may
lead to unfavorable behavior of myopic acquisition func-
tions. This proposed framework works with flexible input
uncertainty distributions, and also can be simply extended
to perform parallel robust Bayesian Optimization.
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Multi-Objective Robust Optimization Using Adap-
tive Kriging for Problems with Mixed Continuous-

Categorical Variables

Accounting for uncertainties is crucial in the design of engi-
neering systems. Various techniques have been developed
for design optimization within a probabilistic framework.
In this work, we consider simultaneously robust and multi-
objective design optimization. While the former allows one
to deal with uncertainties affecting the objective function,
the latter allows for handling multiple conflicting objec-
tives. Conservative quantiles are used as a single measure
of robustness, trading-off the optimality and degree of ro-
bustness of the solution. The quantiles are computed using
crude Monte Carlo simulation and are embedded within
a classical multi-objective optimization algorithm, namely
the non-dominated sorting genetic algorithm (NSGA-II).
Such an approach is obviously computationally intensive.
To alleviate this burden, we consider the use of surrogate
models, and more specifically adaptive Gaussian process
models. This approach is eventually adapted to problems
with mixed continuous-categorical variables. After a val-
idation on analytical examples, the proposed method is
applied to building renovation where the goal is to find
the optimal renovation strategy that minimizes both the
environmental impact and the life cycle cost of a building.
This is carried out in the context of life cycle analysis where
there are numerous uncertainties that need to be accounted
for.
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A Two-Step Procedure for Time-Dependent
Reliability-Based Design Optimization Involving
Piece-Wise Stationary Gaussian Processes

We deal with a numerical model-based optimization prob-
lem with a simple and fast to evaluate deterministic cost
function and probabilistic constraints with very high con-
fidence levels. The main difficulty lies in the estimation of
the constraints at each loop of the optimization algorithm.
They are expressed as threshold exceedance probabilities of
maxima and integrals of temporal random processes over
long periods of time. A naive approach such as the Monte
Carlo (MC) method requires too many time-consuming
simulations to calculate the failure probabilities. We pro-
pose a two-step methodology which first uses limit theo-
rems on the integrals and maxima of processes in order to
reformulate the constraints in the form of time-independent
and faster to evaluate expectations. To further reduce the
computational cost, the second step introduce a new active
kriging method ”Adaptive Kriging method for Expectation
Constraint Optimization” (AK-ECO). For each constraint,
a metamodel is built in the augmented space which spans
the design space and the space of uncertain variables. Then
the AK-ECO procedure consists in carrying out cycles of
optimization composed of local enrichment of the meta-
models with a dedicated learning function followed by a
resolution of the reformulated problem using MC with the
refined metamodels. This methodology has been applied
with success to an academic example, to a wind turbine
industrial case and performs much better than state-of-
the-art algorithms.

Alexis Cousin
IFP Energies Nouvelles
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Sampling Criteria for Constrained Bayesian Opti-
mization under Uncertainty

We consider the problem of chance constrained optimiza-
tion where the objective and the constraint functions are
affected by uncertainties and are computationally costly.
Bayesian optimization is an appropriate family of meth-
ods to address such problems. We first propose a two-step
acquisition criterion defined in the joint space of optimiza-
tion variables and uncertain parameters. The objective and
the constraints are aggregated through a feasible improve-
ment measure and the two steps consist in the optimiza-
tion of the expectation and the one-step-ahead variance of
this criterion. To ease the computational burden, an an-
alytical approximation to the one-step-ahead variance is
proposed. Additionally, we also account for the possible
correlation between the constraints. This is done by con-
sidering a vector-valued ”input as output” joined Gaussian
process which improves the constraints modeling accuracy
and consequently the optimization procedure. The cor-
relations between the constraints are further exploited by
allowing each constraint to be evaluated for different un-
certain parameters and by optimally selecting a subset of
constraints to be evaluated at each iteration, thus avoiding
unnecessary computations. Numerical tests confirm the
applicability and potential gains brought by these meth-
ods, such a faster convergence speed and better scaling
with respect to the number of constraints if compared to
alternative optimization methods.
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MS112

Hyperparameter Tuning is All You Need for LISTA

Learned Iterative Shrinkage-Thresholding Algorithm
(LISTA) introduces the concept of unfolding an iterative
algorithm and trains it like a neural network. It had great
success on sparse recovery. In this paper, we show that
adding momentum to the LISTA network achieves a better
convergence rate and, in particular, the network with
instance-optimal parameters is superlinearly convergent.
Moreover, our new theoretical results lead to a practical
approach of automatically and adaptively calculating
the parameters of a LISTA network layer based on its
previous layers. Perhaps most surprisingly, such an
adaptive-parameter procedure reduces the training of
LISTA to tuning only three hyperparameters from data:
a new record set in the context of the recent advances
on trimming down LISTA complexity. We call this new
ultra-light weight network HyperLISTA. Compared to
state-of-the-art LISTA models, HyperLISTA achieves
almost the same performance on seen data distributions
and performs better when tested on unseen distributions
(specifically, those with different sparsity levels and
nonzero magnitudes).
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MS112

Learning to Predict Nash Equilibria from Data Us-
ing Deep Equilibrium Networks

We study the problem of predicting the outcome of a con-
textual game, given only the context, and assuming that
the player’s cost functions are unknown. We use the re-
cently introduced Deep Equilibrium Model (DEQ) frame-
work to phrase this as a learning problem using historical
data consisting of pairs of context and game outcomes. Us-
ing several ”tricks” (e.g. Davis-Yin operator splitting, con-
straint decoupling) we improve the efficiency of this scheme
to the extent that it can be readily applied to large games
with complicated constraint sets. Finally, we demonstrate
the efficacy of this approach on a collection of real-world
traffic routing problems.
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MS112

A Symbolic Approach for Learning to Optimize

Recent studies on Learning to Optimize (L2O) suggest a
promising path to automating and accelerating the opti-
mization procedure for complicated tasks. Existing L2O
models parameterize optimization rules by neural net-
works, and learn those numerical rules via meta-training.
However, they face two common pitfalls: (1) scalability:
the numerical rules represented by neural networks create
extra memory overhead for applying L2O models, and lim-
its their applicability to optimizing larger tasks; (2) inter-
pretability: it is unclear what each L2O model has learned
in its black-box optimization rule, nor is it straightforward
to compare different L2O models in an explainable way. To
avoid both pitfalls, I will discuss our recent work showing
that we can ”kill two birds by one stone”, by introduc-
ing the powerful tool of symbolic regression to L2O. We
establish a holistic symbolic representation and analysis
framework for L2O, which yields a series of insights for
learnable optimizers. Leveraging our findings, we further
propose a lightweight L2O model that can be meta-trained
on large-scale problems and outperformed human-designed
and tuned optimizers.
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MS112

Efficient Training of Infinite-Depth Neural Net-
works via Jacobian-Free Backpropagation

A promising trend in deep learning replaces fixed depth
models by approximations of the limit as network depth
approaches infinity. This approach uses a portion of net-
work weights to prescribe behavior by defining a limit con-
dition. This makes network depth implicit, varying based
on the provided data and an error tolerance. Moreover,
existing implicit models can be implemented and trained
with fixed memory costs in exchange for additional compu-
tational costs. In particular, backpropagation through im-
plicit depth models requires solving a Jacobian-based equa-
tion arising from the implicit function theorem. We pro-
pose a new Jacobian-free backpropagation (JFB) scheme
that circumvents the need to solve Jacobian-based equa-
tions while maintaining fixed memory costs. This makes
implicit depth models much cheaper to train and easy to
implement. Numerical experiments on classification, CT
reconstructions, and predicting traffic models are provided.
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MS113

Proportional Marginal Effects for Sensitivity Anal-
ysis with Correlated Inputs

Global sensitivity analysis of a numerical model aims at
quantifying importance measures for the model inputs on
a statistical quantity of interest related to a model out-
put. In case of independent inputs, the Sobol’ indices as-
sociate to each input a percentage of the output’s vari-
ance. For the dependent inputs case, the Shapley value
concept (coming from cooperative game theory in order

to distribute gains between players), has been associated
to Sobol indices, leading to the so-called Shapley effects.
However, a first drawback (the so-called Shapley’s joke) is
that an input not included in the model can be associated
to a strictly positive index if it is correlated to an input
present in the model. More generally, a lack of discrimina-
tion between the influence of the inputs is observed due to
the underlying equitable redistribution principle. In this
work, we use another game theory allocation rule called
proportional value. This result is not originally defined for
cost functions with null values, but an extension to these
cases is proposed. Based on these results, novel sensitiv-
ity indices are proposed: the proportional marginal effects
(PME). The PME do not fall under the Shapley’s joke and
have a much larger power of discrimination between in-
puts than Shapley effects. These behaviors are proved in
the general case and are studied through toy-cases. An es-
timation strategy is also presented, with application to an
industrial use-case.
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MS114

Nonstationary Seasonal Model for Daily Mean
Temperature Distribution Bridging Bulk and Tails

In traditional extreme value analysis, the bulk of the data
is ignored, and only the tails of the distribution are used
for inference. Extreme observations are specified as values
that exceed a threshold or as maximum values over distinct
blocks of time, and subsequent estimation procedures are
motivated by asymptotic theory for extremes of random
processes. For environmental data, nonstationary behav-
ior in the bulk of the distribution, such as seasonality or
climate change, will also be observed in the tails. To ac-
curately model such nonstationarity, it seems natural to
use the entire dataset rather than just the most extreme
values. It is also common to observe different types of non-
stationarity in each tail of a distribution. Most work on
extremes only focuses on one tail of a distribution, but
for temperature, both tails are of interest. This paper
builds on a recently proposed parametric model for the
entire probability distribution that has flexible behavior in
both tails. We apply an extension of this model to histori-
cal records of daily mean temperature at several locations
across the United States with different climates and local
conditions. We highlight the ability of the method to quan-
tify changes in the bulk and tails across the year over the
past decades and under different geographic and climatic
conditions. The proposed model shows good performance
when compared to several benchmark models that are typ-
ically used in extreme value analysis of temperature.
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MS114

Divide-and-Conquer Methods for Extreme Value
Analysis of Large Spatial Datasets

Extreme weather events frequently exhibit spatial and tem-
poral dependence that is computationally prohibitive to
model for as few as a dozen observations, with supposed
computationally efficient approaches like the composite
likelihood remaining computationally burdensome with a
few hundred observations. In this paper, we propose a
partitioning approach based on local modelling of subsets
of the spatial domain that delivers a computationally and
statistically efficient procedure. Marginal and dependence
parameters are estimated locally on subsets of observations
using censored pairwise composite likelihood, and com-
bined using a modified Generalized Method of Moments
procedure. We demonstrate consistency and asymptotic
Normality of estimators, and show empirically that this
approach leads to a surprising reduction in bias of param-
eter estimates over a full data approach.

Brian J. Reich, Emily Hector
North Carolina State University
brian reich@ncsu.edu, ehector@ncsu.edu

MS114

Estimating Ground-Level Ozone Exceedance Prob-
abilities Using Non-Stationary Extreme Value
Modeling Procedures

Ground-level ozone is a harmful air pollutant whose nega-
tive effects are intensified when it is at its most extreme lev-
els. The United States Environmental Protection Agency
monitors ozone levels throughout the country, and Federal
legislation sets air quality standards that localities must
meet in order to stay in compliance. These standards are
written in terms of the three-year average of the fourth-
highest daily eight-hour ozone value, and this maximum
allowable value has been changed multiple times through
recent years. In this work, we develop methods to esti-
mate exceedance probabilities for surface-level ozone ex-
tremes. Our methods are built within the framework pro-
vided by extreme value theory; to allow for the possibility
of changing ozone extremes, our modeling procedure incor-
porates non-stationarity. We apply our approach to ana-
lyze surface-level ozone data from several US locations over
the last 25 years, and use these data to estimate exceedance
probabilities in the context of the US ozone standards. We
find that ozone extremes have been decreasing over this
time period at many locations, and these decreases seem
to be related to decreases in levels of ozone precursors.
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Removing the Influence of Daily Weather Systems

on Detected Changes in Precipitation Extremes

The detection of changes over time in the distribution of
precipitation extremes is significantly complicated by noise
at the spatial scale of daily weather systems. Traditional
approaches for quantifying observed trends in extreme pre-
cipitation are generally based on single-station analyses
which fail to account for the spatial coherence of indi-
vidual storms and hence yield unrealistic and potentially
misleading estimates of the true underlying changes in ex-
tremes. In this paper, we demonstrate how the use of a
flexible statistical method that robustly accounts for the
so-called storm dependence in measurements of daily pre-
cipitation removes a challenging source of noise and results
in improved estimates of trends in precipitation extremes.
Applying the methodology to long-term in situ records of
daily precipitation from the central United States, we find
that properly accounting for storm dependence further-
more leads to increased detection of statistically signifi-
cant trends relative to existing approaches. Additionally,
the approach allows us to calculate changes in the risk of
concurrent extreme precipitation, a quantity that single-
station analyses cannot provide.
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PINNs for Solving Forward and Inverse Problems
Governed by Stochastic-Fractional PDEs

We consider solutions of forward and inverse problems gov-
erned by stochastic-fractional PDEs (SFPDEs), and in par-
ticular we target long-time integration. To this end, we
develop a Physics-Informed Neural Network (PINN), and
propose a new extension for SFPDEs, which incorporates
the bi-orthogonal constraints of stochastic modeling into
the loss function with an implicit form. This approach
can overcome some of the drawbacks of the original bi-
orthogonal methods for time dependent SDEs. We will
demonstrate the efficiency of the new network via several
numerical examples, demonstrating how intrigate is the in-
terplay between stochasticity and fractional order and de-
signing new PINN features to deal with the multiscale so-
lutions.
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Data-Based Model Reduction and Mori-Zwanzig
Formalism for Random Dynamical Systems

The Mori-Zwanzig (MZ) projection operator formalism
provides a general framework for constructing reduced
models for dissipative chaotic and stochastic dynamical
systems, particularly in situations without sharp scale sep-
aration and hence significant memory effects. In this talk,
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I will report on an approach to data-based model reduc-
tion for stochastic and random dynamical systems using
the NARMAX (Nonlinear Auto-Regressive Moving Aver-
age with eXogenous inputs) representation of stochastic
processes, widely used in time series analysis and data-
driven modeling. I will explain how the NARMAX ap-
proach may be formally derived from the original dynami-
cal model using a discrete-time version of the MZ formal-
ism. These ideas are illustrated on a stochastically-forced
PDE. Time permitting, I will also discuss our recent efforts
to improve the efficiency and scalability of our data-based
modeling procedure.
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MS115

Markov Chain Generative-Adversarial Neural Net-
works for Solving Bayesian Inverse Problems

State and parameter estimation based on noisy measure-
ments is known to be computationally expensive. This is
especially the case when one is not only interested in the
estimate but also the uncertainty of said estimate. In such
cases the aim is to compute a posterior distribution over
the full state and corresponding parameters conditioned on
available observations. Due to the complexity of such pos-
teriors, it is common practice to resort to sampling meth-
ods such as Markov Chain Monte Carlo (MCMC) meth-
ods. While MCMC methods are known to be efficient, it
is still typically required to sample 50000 or more times
before the chain has converged. This is especially the case
when dealing with high-dimensional problems. Since every
sample requires solving the forward PDE, it is, in general,
infeasible to sample enough times if one wants the poste-
rior approximation in real-time. We propose a method to
speed up this procedure by replacing the forward model
and prior with a generative adversarial network. The state
and parameter space are being replaced with a latent space
that is pushed forward using the GAN. This results in a
methodology where one samples from a low-dimensional
latent space and learn the forward map in an offline stage.
We showcase the methodology on problems from fluid me-
chanics.
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MS115

Probabilistic Machine Learning and Likelihood for
Learning Stochastic Parameterizations for Climate
Modelling

Machine Learning (ML) revolutionised generative models,
such as in the natural language domain. Climate models
are ultimately generative models we use them to gener-
ate potential climatic trajectories. How can the insights
from the ML literature in generative modelling be com-
bined with those from the climate parameterization field
to improve climate models? Parameterization means mod-
elling processes which are too small-scale to be explicitly
resolved in climate models. Our work tackles this by using
generative models and probabilistic ML to invent hidden
states to better model the climate. The developed models
offer improvements over existing baselines in the Lorenz 96
simulator, permitting more realistic simulations. By using
a probabilistic framework and likelihood (a standard pro-
cedure from probability modelling), many state-of-the-art
ML tools can be easily deployed for stochastic climate mod-
elling. Likelihood also allows for a standardized probabilis-
tic evaluation procedure for both ML-trained and human-
designed parameterizations. But it is known that models
with good likelihoods can produce poor samples. By ex-
amining cases from our work, we consider how likelihood
should be used to evaluate such dynamical systems, and
when a good likelihood will correspond to physically con-
sistent samples.
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MS116

Operator Networks with Predictive Uncertainty for
Partial Differential Equations with Inhomogeneous
Boundary Conditions

We present a neural network training procedure for solving
partial differential equations with inhomogeneous bound-
ary conditions. Using a light-weight extension of the Deep-
ONet operator network architecture, the trained networks
are designed to provide rapid predictions along with si-
multaneous uncertainty estimates to help identify potential
inaccuracies in the network predictions. In particular, the
predictive uncertainty of the network is calibrated to antic-
ipate network errors by implementing a loss function which
interprets the network prediction as a probability distribu-
tion as opposed to a single point-estimate. The proposed
technique is also capable of solving problems on irregular,
non-rectangular domains, and a series of experiments are
presented to evaluate the network accuracy as well as the
quality of the predictive uncertainty estimates.
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Learning Deep Nonlocal Operator for Heteroge-
neous Material Modeling

Constitutive modeling based on the continuum mechan-
ics theory has been a classical approach for modeling the
mechanical responses of materials. However, when consti-
tutive laws are unknown or when defects and/or high de-
grees of heterogeneity present, these classical models may
become inaccurate. In this work, we propose to use data-
driven modeling which directly utilizes high-fidelity simu-
lation and/or experimental measurements on displacement
fields, to predict a material’s response without the neces-
sity of using conventional constitutive models. Specifically,
the material response is modeled by learning maps be-
tween loading conditions and its resultant displacement
fields, so that the network is a surrogate for a solution
operator. To model the complex material responses, we
develop a novel deep neural operator architecture based
on the Fourier Neural Operator (FNO) method, which we
coin DeepFNO. In DeepFNO, we model the increment be-
tween layers as an integral operator, to capture long-range
dependencies in the feature space and allow for accelerated
learning techniques for deep networks. We demonstrate the
performance of our method for a number of examples, in-
cluding hyperelastic, anisotropic and brittle fracture mate-
rials. As an application, we employ the proposed approach
to learn material models directly from digital image cor-
relation (DIC) tracking measurements, and show that the
learnt solution operators substantially outperform conven-
tional constitutive models.
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MS116

Convergence Rates of DeepOnets for Operator Re-
gression

As an operator regression technique, DeepONet has been
successfully applied in simple and complex systems. Yet,
it is unclear why deepONet works well. In this talk, we
present error estimates of DeepOnets for generic Hölder
continuous operators and solution operators from both lin-
ear and nonlinear advection-diffusion equations. We find
that the convergence rates depend on the architecture of
branch networks and the smoothness of inputs and outputs
of solution operators.
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Higher-Order Statistics Using Machine Learning

Second-Order Closures for Turbulent Dynamical
Systems

This work analyzes the statistics of turbulent systems via
a data-informed and reduced-order modelling scheme. To
achieve this, we first derive the dynamical equations for
the mean and covariance of such systems. These equa-
tions are then complemented and evolved together with a
spatio-temporally nonlocal, neural-network-based closure
for the higher-order statistics. During the training of these
neural-networks appropriate physical constraints are im-
posed. In more detail, energy preservation constraints en-
sure that energy transfers between stochastic modes are
properly modelled, resulting in the numerical stability of
the system. These constraints are shown to be essential
for the model to correctly capture the statistical equilibria
of the full reference system. The validity of this formula-
tion is showcased in a multitude of different systems used
to study turbulence in the ocean and atmosphere. Com-
parisons with direct numerical simulations are carried out
both for the mean and energy spectrum as well as the prob-
ability of occurrence of intermittent extreme events. These
numerical investigations are carried out both for flows with
Gaussian and strongly non-Gaussian statistics.
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MS117

Quantifying and Reducing Uncertainty from HED
Experiments Using Bayesian Optimal Experimen-
tal Design

High Energy Density (HED) science is the study of the
behaviour of material under extreme conditions of temper-
ature and pressure. Understanding the growth and prop-
erties of hydrodynamic instabilities and the transition into
turbulence is important in many HED processes and also
yields insights into other areas where hydrodynamic insta-
bilities occur. Unlike classical fluids experiments, examin-
ing hydrodynamic instabilities in an HED regime is much
more difficult. HED experiments are expensive and often
performed at oversubscribed facilities. Additionally, there
are many limitations for the available diagnostics. Further,
these problems contain complex and interaction physics:
hydrodynamics flows, radiation, conduction, and magnetic
fields, only to name a few. Such complexity means that
modelling can become prohibitively expensive. Improving
the models from limited experimental and high-fidelity sim-
ulation data is therefore of great importance.A big question
that exists within the context of improving simulations is:
how do we create a general model that can both accu-
rately capture the underlying physics and be applicable to
more than one problem? In an attempt to answer this
question, we incorporate experimental design and uncer-
tainty quantification techniques to connect experimental
data with simulations and take a statistical approach in
order to efficiently plan experiments so that the data ob-
tained can be analysed to yield valid and objective conclu-
sions.

Codie Kawaguchi, Xun Huan
University of Michigan



Conference on Uncertainty Quantification (UQ22)                                                    139138 UQ22 Abstracts

cfkawa@umich.edu, xhuan@umich.edu

MS117

Gradient-Free Optimization with Bayesian Echo
State Networks: Applications in Acoustics

We develop a versatile optimization method, which finds
the design parameters that minimize time-averaged acous-
tic cost functionals. The method is gradient-free, model-
informed, and data-driven with reservoir computing based
on echo state networks. First, we analyse the predic-
tive capabilities of echo state networks both in the short-
and long-time prediction of the dynamics. We find that
both fully data-driven and model-informed architectures
learn the chaotic acoustic dynamics, both time-accurately
and statistically. Informing the training with a physical
reduced-order model with one acoustic mode markedly im-
proves the accuracy and robustness of the echo state net-
works, whilst keeping the computational cost low. Second,
we couple echo state networks with a Bayesian technique to
explore the design thermoacoustic parameter space. The
computational method is minimally intrusive. Third, we
find the set of flame parameters that minimize the time-
averaged acoustic energy of chaotic oscillations, which are
caused by the positive feedback with a heat source, such
as a flame in gas turbines or rocket motors. The optimal
set of flame parameters is found with the same accuracy
as brute-force grid search, but with an order of magnitude
faster convergence rate. This work opens up new possibil-
ities for non-intrusive optimization of chaotic systems, in
which the cost of generating data, for example from high-
fidelity simulations and experiments, is high.
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Estimating Floating-Point Errors Using Automatic
Differentiation

Floating-point errors are a testament to the finite nature
of computing and if left uncontrolled they can have catas-
trophic results. As such, for high-precision computing ap-
plications, quantifying these uncertainties becomes impera-
tive. There have been significant efforts to mitigate such er-
rors by either extending the underlying floating-point pre-
cision, using alternate compensation algorithms or estimat-
ing them using a variety of statistical and non-statistical
methods. A prominent method of dynamic floating-point
error estimation is using Automatic Differentiation (AD).
However, most state-of-the-art AD-based estimation soft-
ware requires manually adapting or annotating the source
code by some amount. Moreover, operator overloading AD
based error estimation tools call for multiple gradient re-
computations to report errors over a large variety of inputs
and suffer from all the shortcomings of the underlying op-
erator overloading strategy such as reduced efficiency. In
this work, we propose a customizable way to use AD to
synthesize source code for estimating uncertainties aris-
ing from floating-point arithmetic in C/C++ applications.
Our work presents an automatic error annotation frame-
work that can be used in conjunction with custom user-
defined error models. We also present our progress with

error estimation on GPU applications.
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MS118

Self-Assembly of Hydrocarbons

Molecular dynamics simulations allow us to get an exper-
imental insight into self-assembly of hydrocarbons. These
simulations showed the generation of over 7 thousand
chemical species and over 13 thousand of unique chemi-
cal reactions. Unfortunately, these simulations a very ex-
pensive computationally as chemical reactions occur rarely
on the timescale of molecular motion. We propose an ap-
proach relying on graph data analysis and Markov chains.
Combined with the experimental data and give a compre-
hensive coarse-grained description of processes taking place
in this chemical system.
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Methods for Extreme Quantile Regression in High
Dimensions

Quantile regression relies on minimizing the conditional
quantile loss, which is based on the quantile check function.
This has been extended to flexible regression functions such
as the gradient forest (Athey et al., 2019). These meth-
ods break down if the quantile of interest lies outside of
the range of the data. Extreme value theory provides the
mathematical foundation for estimation of such extreme
quantiles. A common approach is to approximate the ex-
ceedances over a high threshold by the generalized Pareto
distribution. For conditional extreme quantiles, one may
model the parameters of this distribution as functions of
the predictors. Up to now, the existing methods are ei-
ther not flexible enough or do not generalize well in higher
dimensions. We develop two new approaches for extreme
quantile regression that estimate the parameters of the gen-
eralized Pareto distribution in a flexible way even in higher
dimensions. The first approach is based on gradient boost-
ing and the second one on random forests. These estima-
tors outperform classical quantile regression methods and
methods from extreme value theory in simulations studies.
We illustrate the methodology at the example of U.S. wage
data.
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MS118

Exploiting Self-Similarity in Distribution Tails for
Minimizing Extreme Risks with Limited Data

Formulating optimization objectives or constraints in
terms of tail risk measures such as VaR/CVaR often in-
curs a steep-price in sample complexity, primarily due to
(i) the rarity with which relevant risky samples are wit-
nessed, and (ii) the resulting amplification of estimation
errors while performing optimization. To tackle this diffi-
culty, we introduce a novel tail modeling framework built
on the ubiquitous, yet less-exploited phenomenon, namely,
self-similarity in tail distributions. Interestingly, this simi-
larity in tails translates to similarity in optimal decisions at
different tail levels, and can be utilized to re-formulate the
problem as an importance-weighted optimization formula-
tion with low variance. While estimation of the nuisance
importance weight function accurately is arguably a data-
intensive exercise, we show that errors in its estimation can
be canceled by exploiting the structure in tail models. This
debiasing exercise leads to consistent decisions with expo-
nentially fewer data samples than required by empirical
risk minimization.
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Data-Driven Rare Event Simulation for Stochas-
tic Dynamical Systems: A Koopman Operator Ap-
proach

We present a data-driven approach for designing multilevel
splitting schemes for rare event simulation in nonlinear
stochastic dynamical systems. Multilevel splitting meth-
ods are known to be more efficient than standard Monte
Carlo while being more robust than importance sampling
for rare event simulation. The method is more efficient
at producing trajectories that reach rare events by split-
ting promising trajectories that move towards the desired
regions. The approach requires determining the splitting
locations, which are defined by level sets of a so-called im-
portance function. The optimal importance function is re-
lated to the solution of a Hamilton-Jacobi-Bellman (HJB)
PDE, which typically requires knowledge of the model. We
exploit the relationship between the stochastic Koopman
operator (sKO) and the HJB to approximate the optimal
importance function for splitting. We rely on data-driven

methods for computing eigenfunctions of the sKO, such as
dynamic mode decomposition and diffusion maps, so that
the resulting algorithm is completely black box. The ap-
proach is demonstrated on a variety of canonical dynamical
systems.

Benjamin J. Zhang
Massachusetts Institute of Technology
bjz@mit.edu

Quan Long
United Technologies Research Center
longq@utrc.utc.com

Joshua White
Massachusetts Institute of Technology
jkwhite@mit.edu

Tuhin Sahai
Raytheon Technologies Research Center
tuhin.sahai@rtx.com

Youssef M. Marzouk
Massachusetts Institute of Technology
ymarz@mit.edu

MS119

Surrogate Modeling for Rare Event Simulation of
Material Fatigue

Rare events are expected to occur infrequently (for exam-
ple, order of 10−3 or less) according to a probability model.
In uncertainty quantification, the rare events often corre-
spond to failure of systems designed for high reliability and
their probability is mathematically represented as multi-
variate integral over a high dimensional space of uncertain
parameters. Standard Monte Carlo simulation for comput-
ing such rare-event probabilities is computationally ineffi-
cient as it requires sampling from the (usually expensive)
system response a prohibitive number of times. Alterna-
tive methods include importance sampling, subset simu-
lation and splitting. In this work, we present a hybrid
approach by introducing surrogate models for the system
response and sampling both the surrogate (cheap) model in
a “large: portion of the probability space and the original
(expensive) system in a “small” portion. We explore a va-
riety of linear and non-linear surrogate models. We apply
our model-agnostic technique for calculating probabilities
of rare events that involve crack nucleation of titanium al-
loy materials found in modern aircraft engines.
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MS119

Non-Intrusive Parametric Reduced-Order Model-
ing via Operator Inference

We formulate a new approach to reduced modeling of pa-
rameterized, time-dependent partial differential equations
(PDEs). The method employs Operator Inference, a sci-
entific machine learning framework combining data-driven
learning and physics-based modeling. The parametric
structure of the governing equations is embedded directly
into the reduced-order model, and parameterized reduced-
order operators are learned via a data-driven linear regres-
sion problem. The result is a reduced-order model that
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can be solved rapidly to map parameter values to approx-
imate PDE solutions. Such parameterized reduced-order
models may be used as physics-based surrogates for un-
certainty quantification and inverse problems that require
many forward solves of parametric PDEs. Numerical issues
such as well-posedness and the need for appropriate regu-
larization in the learning problem are considered, and an
algorithm for hyperparameter selection is presented. The
method is illustrated for a parametric heat equation and
demonstrated for the FitzHugh-Nagumo neuron model.
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MS119

Versatile Gaussian Process and Bayesian Optimiza-
tion with Computational Materials Science Appli-
cations

Gaussian process (GP) has been one of the cornerstones in
non-parametric Bayesian machine learning methods. Using
GP as an underlying surrogate model, Bayesian optimiza-
tion (BO) aims to balance exploration and exploitation
and refine the GP model as the optimization progresses.
With a solid mathematical foundation, these two meth-
ods have been widely adopted across multiple disciplines.
While they are among one of the most popular data-driven
approaches, there are many limitations in the classical GP
and BO that do not naturally fit in the practical settings.
In this talk, we discuss a wide range of extensions, including
multi-objective, multi-fidelity, mixed-integer, parallel, scal-
able, and high-dimensional from theoretical and computa-
tional perspectives. We conclude the talk with real-world
engineering applications for materials and manufacturing.
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MS119

Design and Analysis of Finite Element Simulations

Finite Element Analysis (FEA) is a powerful tool in engi-
neering applications, which solves partial differential equa-
tions by discretizing the space into a set of finite elements.
The numerical accuracy of FEA depends on the number
of elements used in the discretization, which can be ad-
justed. The larger the number of elements the more ac-
curate the results are. However, the computational cost
increases with it. In current practice, the experimenter
chooses the number of mesh elements that is expected to
produce a reasonably accurate result and for which the
simulation can be completed in a reasonable amount of
time. In this article, we propose an experimental design
method that enables the experimenter to select a range of
element numbers and complete the full set of simulations
within the same time constraints. We also explain how
the simulations performed given different numbers of mesh
elements can be integrated to produce a predictive model
that is much more accurate than a model obtained with
same element numbers. We illustrate our approach using
an analytical function and a cantilever beam finite element

simulation.
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MS121

Multifidelity Uncertainty Quantification for Nonlo-
cal Models

A wide class of nonlocal models accounts for distant inter-
actions through the use of integral formulations, as opposed
to partial differential equations (PDEs). Even though
compared to conventional PDE models, nonlocal models
are better suited for representing some physical phenom-
ena; their increased computational costs inhibit their use
in practical applications. This drawback becomes even
more significant for outer-loop applications where numer-
ous model evaluations are required. Multifidelity methods
aim at reducing the computational cost of an outer-loop
application by splitting the budget between high-fidelity
model evaluations (used for unbiasedness and fidelity) and
a set of low-fidelity model evaluations (used for speedup).
In this study, we use a multifidelity approach for a nonlocal
Cahn-Hilliard model to be used in an uncertainty quantifi-
cation setting. The Cahn-Hilliard model is generally used
to describe the process of phase separation for binary al-
loys, and its nonlocal version can represent sharp interfaces
between the two phases (as opposed to the diffuse interface
in conventional PDE models).
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MS121

Comparing Multi-Index Stochastic Collocation and
Multi-Fidelity Stochastic Radial Basis Functions
for Forward Uncertainty Quantification of Ship Re-
sistance

In this talk we present a comparison of two methods for
the forward Uncertainty Quantification (UQ) analysis of
a passengers ferry advancing in calm water and subject
to two operational uncertainties, namely the ship speed
and payload. Specifically, the performance of Multi-Index
Stochastic Collocation (MISC) and multi-fidelity Stochas-
tic Radial Basis Functions (SRBF) surrogates is assessed.
The estimation of the expected value of the (model-scale)
resistance to advancement, as well as of its higher order
moments and probability density function, are presented
and discussed. Both methods need to repeatedly solve the
free-surface Navier-Stokes equations for different configu-
rations of the operational parameters. The required CFD
simulations are obtained by a multi-grid Reynolds Aver-
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aged Navier–Stokes (RANS) equations solver. Both MISC
and SRBF use as fidelity levels the intermediate grids em-
ployed by the RANS solver. A relevant aspect for the com-
parison of the two methods is that the CFD simulations are
affected by numerical noise, which is due to the iterative
algorithm on which the solver is based. In particular, we
discuss the impact of the noise on the forward UQ analysis
and investigate some strategies to improve the performance
of the two methods with respect to this issue.
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MS121

Uncertainty Quantification in Computational Mod-
eling of Plasma-Surface Interactions

We perform a global sensitivity analysis with two cou-
pled codes that model the interaction between the plasma
boundary and the material surface in fusion energy ap-
plications. The coupled codes depend on 19 parameters,
including uncertain operating conditions, uncertain mate-
rial properties and uncertain numerical parameters. We
construct a set of generalized polynomial chaos surrogate
models that allow us to extract the desired Sobol’ sensi-
tivity indices as a post-processing step. We illustrate how
the predicted sensitivity indices change when considering
both codes in isolation, or when considering the coupled
setting. Finally, we investigate if multifidelity polynomial
chaos methods can be used to alleviate the computational
burden in the coupled setting.
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MS121

Accelerating Monte Carlo Methods for Random
Heterogeneous Media

Uncertainty quantification for fine scale models of ran-
dom heterogeneous materials is computationally challeng-

ing, because, in principle, one needs to resolve the small
scale variations for every realization. For some local quan-
tities of interest, however, a good approximation for each
sample can be obtained by resolving the microstructure
only in some parts of the computational domain and us-
ing an upscaled model elsewhere. In this talk, we show an
error estimator-driven procedure that exploits this fact to
construct a sequence of surrogate models for a given lo-
cal quantity of interest. These models are then combined
in a multilevel framework to accelerate Monte Carlo sam-
pling. Numerical experiments for steady-state heat con-
duction and linear elasticity on a microstructure generated
via a hierarchical procedure show the effectiveness of the
proposed algorithm.
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MS122

Mixtures of Gaussian Process Experts by Sequen-
tial Monte Carlo Methods

Gaussian processes exhibit cubic computational complex-
ity due to the need of inverting a full covariance matrix.
To circumvent this, mixtures of Gaussian process experts
have been considered where data points are assigned to
independent experts, reducing the complexity by allowing
likelihood estimation to use smaller covariance matrices.
Previous approaches have included parallelizable impor-
tance sampling based methods. We extend the existing
methodology by utilizing nested particle filters to estimate
hyperparameters of the individual experts while simulta-
neously sampling partitions of the data.
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MS122

Bayesian Inversion with Hierarchical Random
Field Priors: Computational Strategies

Gaussian random fields are popular models for spatially
varying uncertainties, arising, e.g., in geotechnical engi-
neering, hydrology, or image processing. A Gaussian ran-
dom field is fully characterised by its mean and covari-
ance operator. In more complex models these can also
be partially unknown. In this case we need to handle
a family of Gaussian random fields indexed with hyper-
parameters. Sampling for a fixed configuration of hyper-
parameters is already very expensive due to the nonlocal
nature of many classical covariance operators. Sampling
from multiple configurations increases the total computa-
tional cost severely. In this talk we employ parameterised
Karhunen-Love expansions and adaptive cross approxima-
tions for sampling. To reduce the cost we construct a re-
duced basis surrogate built from snapshots of Karhunen-
Love eigenvectors in the first case. In the second case,
we propose a parameterised version of the adaptive cross
scheme. In numerical experiments we consider Matrn-type
covariance operators with unknown correlation length and
standard deviation. Here, we study the approximation ac-
curacy of reduced basis and cross approximation. As an
application we consider Bayesian inversion with an ellip-
tic partial differential equation where the logarithm of the
diffusion coefficient is a parameterised Gaussian random
field. Indeed, we employ Markov chain Monte Carlo on
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the reduced space to generate samples from the posterior
measure.
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MS122

Efficient Bayesian Inversion Using Gaussian Priors
with Fractional Laplacian

We consider an infinite dimensional Bayesian inverse prob-
lem involving Gaussian priors, in which the covariance op-
erator involves the inverse of a fractional Laplacian. We
use an integral representation of the fractional power of
an elliptic operator, discrete in space using finite elements
and the integral using sinc quadrature. We show how to
efficiently apply the prior covariance, its square root, and
their inverses, by using Krylov solvers for shifted linear sys-
tems. We then derive efficient methods to obtain the MAP
estimate, and linearized uncertainty estimates such as con-
ditional realizations, and posterior variance. We will also
discuss various options for a hierarchical Bayesian formu-
lation and demonstrate the performance of our approach
and solvers on test problems from deblurring and X-ray
tomography.
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MS122

Uncertainty Quantification by Comparing Point
Cloud Densities

In the context of Bayesian statistics it is possible to find a
vast number of models for which it is difficult if not impos-
sible to estimate the parameters using classical methods.
In the last decade, approaches have emerged that do not
use data sets directly but are based on informative statis-
tics obtained from them to allow parametric estimation
in more complex cases. In these approaches, however, it
must be borne in mind that the quality of the result will
be greatly influenced by how much information is lost in
mapping the data into the selected statistic. Finding suffi-
cient statistics can be a real problem, especially in the case
of complex models. Certainly, there are ways to facilitate
the extraction of information from the data set, such as
combining different statistics in the creation of likelihood,
where each of them is specialized in extracting particu-
lar features from the latter. It is therefore interesting to
look for a general type of statistics that can extract most
of the information, regardless of the particular underlying
multidimensional distribution from which the data can be
assumed to be sampled. The approach we present could
represent a right way in that direction. Our novelty con-
sists in directly comparing the multidimensional distribu-
tion of the tested data with those of the reference data set.
The obtained statistic is a value that indicates the point-
wise density variability between the tested data set and the
reference one.
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MS123

Fast Surrogate of 3-D Patient-Specific Compu-
tational Fluid Dynamics Using Statistical Shape
Modeling and Deep Learning

Optimization and uncertainty quantification (UQ) have
been receiving an increasing amount of attention in com-
putational hemodynamics. However, existing methods
based on principled modeling and classic numerical tech-
niques have faced significant challenges, particularly when
it comes to complex 3D patient-specific shapes in the real
world. First, it is notoriously difficult to parameterize the
input space of arbitrarily complex 3-D geometries. Sec-
ond, the process often involves massive forward simula-
tions, which are extremely computationally demanding or
even infeasible. We propose a novel deep learning solution
to address these challenges and enable scalable geometric
UQ and optimization. Specifically, a statistical generative
model for 3-D patient-specific shapes will be constructed
based on a handful of available baseline patient geome-
tries. An unsupervised shape correspondence solution is
used to enable geometric morphing and a compact geomet-
ric design space can then be constructed by the statistical
generative shape model. In order to build a fast forward
map between geometric input space to the solution space
of functional information, we propose a supervised deep
learning solution. With the fast surrogate model, we ran
test cases to demonstrate its application in shape optimiza-
tion and UQ analysis in a massively scalable manner.
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MS123

Stochastic Deep Ritz Method for Uncertainty
Quantification

Randomness is ubiquitous in natural sciences and modern
engineering. The uncertainty is often modeled as a random
coefficient in the partial differential equations (PDEs) that
describe the physics. Due to the curse of dimensionality,
traditional methods for solving random coefficient PDEs,
e.g., polynomial chaos and stochastic collocation, are lim-
ited to problems of low dimension. For high dimensional
problems, deep learning provides a promising alternative.
In this work, we recast the random coefficient PDE into a
variational problem whose associated energy functional can
be used naturally as the error function in the deep learn-
ing framework. The resulted stochastic deep Ritz method
does not require any data from the solution space and can
be solved by using stochastic gradient descent. We vali-
date our approach by solving a family of random elliptic
equations in high dimension.
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MS123

Learning Based Computational Solid Mechanics

The recent decades have seen various attempts at acceler-
ating the process of developing materials targeted towards
specific applications. The performance required for a par-
ticular application leads to the choice of a particular mate-
rial system whose properties are optimized by manipulat-
ing its underlying microstructure through processing. The
specific configuration of the structure is then designed by
characterizing the material in detail, and using this char-
acterization along with physical principles in system level
simulations and optimization. These have been advanced
by multiscale modelling of materials, high-throughput ex-
perimentations, materials databases, topology optimiza-
tion and other ideas. Still, developing materials for ex-
treme applications involving large deformation, high strain
rates and high temperatures remains a challenge. This talk
reviews a number of learning based methods that advance
the goal of designing materials targeted by specific appli-
cations.
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MS123

Neural Networks with Physics-Informed Architec-
tures and Constraints: Toward Robust and Data-
Efficient Learning of Dynamical Systems

Effective inclusion of physics-based knowledge into deep
neural network models of dynamical systems can greatly
improve data efficiency and model robustness. Such a pri-
ori knowledge might arise from physical principles (e.g.,
conservation laws) or from the system’s design (e.g., the
Jacobian matrix of a robot), even if large portions of the
system dynamics remain unknown. We develop a frame-
work to learn dynamics models from trajectory data while
incorporating a priori system knowledge as inductive bias.
More specifically, the proposed framework uses physics-
based side information to inform the structure of the neural
network itself and to place constraints on the values of the
outputs and the internal states of the model. It represents
the system’s vector field as a composition of known and
unknown functions, the latter of which are parametrized
by neural networks. The physics-informed constraints are
enforced via the augmented Lagrangian method during the
model’s training. We experimentally demonstrate the ben-
efits of the proposed approach on a variety of dynamical
systems – including a suite of robotics environments featur-
ing large state spaces, nonlinear dynamics, external forces,
contact forces, and control inputs. By exploiting a priori
system knowledge, the proposed approach learns to predict
the system dynamics two orders of magnitude more accu-
rately than a baseline approach that does not include prior
knowledge, while also enforcing physics-based constraints.
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MS124

Autodeuq: Automated Deep Ensemble with Un-
certainty Quantification

TBD..
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MS124

Gaussian Processes Meet Neural ODEs: A
Bayesian Framework for Learning the Dynamics of
Partially Observed Systems from Scarce and Noisy
Data

We present a machine learning framework for Bayesian
systems identification from partial, noisy, sparse and ir-
regular observations of nonlinear dynamical systems. The
proposed method takes advantage of recent developments
in differentiable programming to propagate gradient infor-
mation through ordinary differential equation solvers and
perform Bayesian inference with respect to unknown model
parameters using Markov Chain Monte Carlo sampling and
Gaussian Processes. This allows us to efficiently infer pos-
terior distributions over plausible models with quantified
uncertainty, while the use of sparsity-promoting priors such
as the Finnish Horseshoe distribution enables the discovery
of interpretable and parsimonious representations for the
underlying latent dynamics. A series of numerical studies
is presented to demonstrate the effectiveness of the pro-
posed methods including predator-prey systems, systems
biology, and a 50-dimensional human motion dynamical
system. Taken all together, our findings put forth a novel,
flexible and robust workflow for data-driven model discov-
ery under uncertainty.
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MS124

Machine Learning, Systematics, and Statistics: A
Cosmological Perspective

Over the last few decades, cosmology has transitioned from
being data-poor to data-rich; it remains, however, an ob-
servational science without the possibility of conducting
isolatable, well-designed experiments. At the same time,
there is sufficient regularity in the data and connection to
fundamental theory that various modeling approaches can
be fruitfully applied. Consequently, as a field, cosmology
presents many opportunities to apply and develop meth-
ods to solve statistical inverse problems. In this talk I will
discuss the flavor of several of these problems with a gen-
eral emphasis on the technical difficulties and approaches
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to resolving them.
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MS124

A Possible Quantum Advantage for Uncertainty
Quantification

A method of uncertainty quantification on a quantum cir-
cuit is to place parametrized samples of a linear model on a
single block diagonal matrix. This approach leverages the
logarithmic scaling of the number of qubits with respect
to matrix size. This application area of uncertainty quan-
tification to linear systems can experience a quantum ad-
vantage using the method presented in principle. Extensive
empirical testing, presented here for the first time, has pin-
pointed the factor determining accuracy of quantum circuit
calculations. Specifically, the accuracy of a quantum cir-
cuit simulator has been benchmarked against the classical
solution for random matrices which are constricted by vari-
ous criteria. These criteria include orthogonality, condition
number, orthonormality, angle between vectors within the
linear system, diagonality, and the angle between the so-
lution vector and the right-hand side vector. The result
of these rigorous tests show that the single most powerful
factor for accuracy is the angle between the solution vec-
tor and the right- hand side vector. In further pursuit of
a quantum advantage, a preconditioner for achieving ideal
accuracy may be developed for any linear system which will
align the solution vector and right- hand side vector. Al-
though expensive to obtain once, the same preconditioner
can be applied across all block-diagonal samples which are
uncertainty perturbations about the first preconditioned
sample.
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MS125

Hierarchical Methods for High-Dimensional Non-
linear Filtering

Hierarchical extensions of the ensemble Kalman filter
(EnKF) has been shown to achieve better efficiency than
standard EnKF through variance reduction combined with
sampling few ensemble members on the fine-resolution lev-
els. In this talk, I will present two hierarchical filtering
methods for high-dimensional filtering problems, namely
the multilevel EnKF and the multi-grid EnKF. The focus
will be on known convergence and efficiency results, chal-
lenges around improving these, and the potential for com-
bining hierarchical methods with localization techniques in
large-scale problems.
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MS125

A Multi-Grid Ensemble Kalman Filter (MGEnKF)
Estimator for Sequential Assimilation of Unsteady
Flows

We present here an advanced constrained estimator strat-
egy, which combines an EnKF approach with the multi-
grid method. For this reason, the algorithm is referred to

as Multigrid Ensemble Kalman Filter (MGEnKF). Multi-
grid methods are a family of tools which employ multi-level
techniques to obtain the time advancement of the flow. In
particular, the geometric multigrid uses different levels of
the resolution in the computational grid to obtain the final
state. In the MGEnKF, the EnKF error covariance matrix
reconstruction is performed using information from sev-
eral ensemble members which are generated over a coarse
level mesh of a multigrid approach. The state estimation
obtained at the coarse level and the associated ensemble
statistics are used to obtain a single solution calculated on
a high-resolution mesh grid. This procedure allows to i)
reduce the computational costs of the EnKF and ii) ensure
the conservativity and smoothness of the final solution. In
addition, owing to the algorithmic structure of the prob-
lem, all the simulations on the fine and coarse level can be
run simultaneously in parallel calculations, providing a tool
able to perform in-streaming DA for unsteady flow prob-
lems. The efficiency of the strategy will be illustrated via
the analysis of one-dimensional and two-dimensional test
cases, using different dynamical equations.
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MS125

Accounting for Multilevel Modeling Error in Mul-
tilevel Data Assimilation

In ensemble-based Data Assimilation (DA), utilization of
lower-fidelity reservoir simulations reduces the computa-
tional cost per ensemble member, thereby rendering the
possibility of increasing the ensemble size without increas-
ing the total computational cost. Increasing the ensem-
ble size will reduce Monte-Carlo errors and therefore ben-
efit DA results. Use of lower-fidelity reservoir models will,
however, introduce modeling errors in addition to those
already present in conventional-fidelity simulation results.
Multilevel simulations utilize a selection of models for the
same entity that constitute hierarchies both in fidelities and
computational costs. In this talk, we present techniques
for estimating and approximately accounting for the Mul-
tilevel Modeling Error (MLME), that is, the part of the
total modeling error that is caused by using a multilevel
model hierarchy instead of a single conventional model to
calculate model forecasts. To this end, four computation-
ally inexpensive approximate MLME correction schemes
are presented, and their abilities to correct the multilevel
model forecasts for reservoir models with different types of
MLME are assessed. Additionally, we assess the perfor-
mances of the different MLME-corrected model forecasts
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in assimilation of acoustic impedance data.
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MS125

Model Forest Extensions to the Multifidelity En-
semble Kalman Filter

This talk will extend the idea of multilevel and multifi-
delity inference from a model hierarchy to the concept of
model forests—collections of models and their respective
surrogates. These ideas will be applied to the multifidelity
ensemble Kalman filter (MFEnKF) and tested on a quasi-
geostrophic model with a standard POD surrogate, and a
right-invertible autoencoder-based surrogate.
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MS126

Data-Driven Stochastic Modeling of Organized
Cloud Fields and Dynamical Insights

The emergence of organised multiscale patterns resulting
from convection is ubiquitous, observed throughout differ-
ent cloud types around the world. The reproduction of
such patterns by cloud-resolving models or by large eddy
simulation models remains a grand challenge. The core
of this modelling challenge lies in the multiscale nature of
cloud physics, characterised by the presence of a wide spec-
trum of variables evolving across a broad range of spatial
and temporal scales. With the new advances in data-driven
modelling techniques, the discovery of dynamical equations
governing time-evolving observations issued from complex
systems has gained a lot of attention. This talk will expose
how the data-driven model discovery of basic stochastic
equations can be solved efficiently for simulating organ-
ised, mesoscale continental shallow cumulus, from high-
resolution satellite datasets. It will be shown that these
equations provide a dynamical generator for the tempo-
ral evolution of the multiscale cloud patterns and thereby
dynamical insights about the latter. The approach allows
not only for reproducing the cloud field’s key organisational
features, such as cloud streets and convective inertia grav-
ity waves, but also allow for simulating a wide range of
out-of-sample days, presenting their own variability while

respecting the patterns’ physical characteristics.
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MS126

Randomized Multilevel Monte Carlo Methods for
Bayesian Inference in Science and Engineering Ap-
plications

Recently, a growing number of methods have emerged
which allow one to leverage cheap low-fidelity models in
order to precondition algorithms for performing inference
with more expensive models and make Bayesian inference
tractable in the context of high-dimensional and expen-
sive models. Some notable examples are multilevel Monte
Carlo (MLMC), multi-index Monte Carlo (MIMC), and
their randomized counterparts (rML/MIMC), which are
able to provably achieve a dimension-independent (includ-
ing infinite-dimension) canonical complexity rate with re-
spect to mean squared error (MSE) of 1/MSE. Some par-
allelizability is typically lost in an inference context, but
recently this has been largely recovered via novel double
randomization approaches. Such an approach delivers i.i.d.
samples of quantities of interest which are unbiased with
respect to the infinite resolution target distribution. This
talk will describe the general approach with a focus on
a Markov chain Monte Carlo method. Time permitting,
some sequential Monte Carlo methods will be discussed.
Over the coming decade, this family of algorithms has the
potential to transform data centric science and engineering,
as well as classical machine learning applications such as
deep learning, by scaling up and scaling out fully Bayesian
inference.
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MS126

Stochastic Closure Model Via Parametric Inference

Closure models aim to account for the effects of the un-
resolved scales. We construct closure models in a statis-
tical learning framework, with additional stochastic forces
quantifying the uncertainty. A fundamental idea is the ap-
proximation of the discrete-time flow map for the dynam-
ics of the resolved variables. The flow map, which encodes
the effects of the unresolved scales, is a functional of the
resolved scales, thus its inference faces the curse of dimen-
sionality. We investigate a semi-parametric approach that
derives parametric models from the structure of the full
model. We show that this approach leads to effective re-
duced models for deterministic and stochastic PDEs, such
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as the Kuramoto-Sivashisky equation to viscous stochas-
tic Burgers equations. In particular, we highlight the shift
from the classical nonlinear Galerkin method to statistical
inference.
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MS126

Data-Driven Variational Multiscale Reduced Order
Models for Conditional Gaussian Nonlinear Sys-
tems

We propose a new data-driven nonlinear stochastic re-
duced order models (ROM) for conditional Gaussian non-
linear systems, which uses the variational multiscale (VMS)
methodology and data-driven approach. In particular, the
new ROM in this framework remains in a relatively sim-
ple form and it uses available data to model the closure
term that accounts for the nonlinear interactions between
resolved scales and unresolved scales. Moreover, this new
ROM framework uses VMS to model the interactions be-
tween large resolved scales and small resolved scales. The
special mathematical structure used in this new ROM al-
lows the development of an efficient algorithm to learn the
crucial parameterizations in the ROM when only partial
observations are available, which is the typical situation
in practice and moreover, it facilitates an efficient and ac-
curate nonlinear data assimilation scheme which provides
an extremely useful tool for the uncertainty quantification
and forecast. We test the new ROM in the numerical sim-
ulation of one dimensional stochastic Burgers equation.

Changhong Mou
Department of Mathematics
Virginia Tech
cmou3@wisc.edu

Nan Chen
University of Wisconsin-Madison
chennan@math.wisc.edu

Traian Iliescu
Department of Mathematics
Virginia Tech
iliescu@vt.edu

MS126

Data-Driven Homogenization of Multiscale
Langevin Dynamics

Learning parameters in stochastic models from data is an
important problem that arises in many applications. Quite
often the stochastic dynamics is characterized by several
widely separated length scales and one is then interested
in obtaining a reduced, coarse-grained description of the
dynamics that is valid at macroscopic scales. Inferring pa-
rameters in coarse-grained models using data from the mul-
tiscale dynamics is a challenging problem since data are
compatible with the surrogate model only at the macro-
scopic scale. In this talk we consider the framework of
the overdamped multiscale Langevin equation, for which
a single-scale coarse-grained model exists due to the the-

ory of homogenization, and we study the problem of fit-
ting effective dynamics from observations of the multiscale
system. In particular, we propose two novel techniques
based on filtered data to estimate the drift coefficient of
the homogenized equation. One is a modification of the
maximum likelihood estimator and the other relies on the
eigenvalues and eigenfunctions of the generator of the ho-
mogenized dynamics. We prove theoretically that our esti-
mators are asymptotically unbiased in the limit of infinite
data and when the multiscale parameter vanishes. A series
of numerical experiments illustrates the advantages of our
approach and demonstrates that our methodology can be
employed to robustly infer effective models from complex
phenomena.
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Model-Constrained Deep Learning Methods for
Forward and Inverse Problems

Deep Learning (DL), in particular deep neural networks
(DNN), by design is purely data-driven and in general does
not require physics. This is the strength of DL but also
one of its key limitations when applied to science and engi-
neering problems in which underlying physical properties
- such as stability, conservation, and positivity - and de-
sired accuracy need to be achieved. DL methods in their
original forms are not capable of respecting the underlying
mathematical models or achieving desired accuracy even
in big-data regimes. On the other hand, many data-driven
science and engineering problems, such as inverse problems,
typically have limited experimental or observational data,
and DL would overfit the data in this case. Leveraging
information encoded in the underlying mathematical mod-
els, we argue, not only compensates missing information in
low data regimes but also provides opportunities to equip
DL methods with the underlying physics and hence obtain-
ing higher accuracy. This short communication introduces
several model-constrained DL approaches - including both
feed-forward DNN and autoencoders - that are capable of
learning not only information hidden in the training data
but also in the underlying mathematical models to solve
inverse problems. We present and provide intuitions for
our formulations for general nonlinear problems.
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Deep Neural Network Expression of Posteriors in
Bayesian PDE Inversion

Deep Neural Network Expression of Posteriors in Bayesian
PDE Inversion. We present results on bounds for DNN
expression rates and on constructive DNN expression for
data-to-QoI maps and posterior densities in Bayesian PDE
inversion. Forward PDE models are assumed countably-
parametric. Data is assumed subject to additive, centered
gaussian noise, in finite dimension. DNN expression rates
are free from the Curse of Dimensionality.
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Regularized Random Feature Methods for Re-
duced Order Modeling

We present a data-driven approximation method for re-
duced order modeling. The surrogate model uses over-
parameterized random feature maps to approximate the
behavior of the data projected onto low-dimensional sub-
spaces. We show that the approximations remain accurate
even in the data scarce regime. Examples include shape
modeling and modeling spatio-temporal dynamics.

Hayden Schaeffer
Carnegie Mellon University
schaeffer@cmu.edu

MS127

Normalizing Field Flow: Solving Forward and
Inverse Stochastic Differential Equations Using
Physics-Informed Flow Model

We introduce normalizing field flows (NFF) for learning
random fields from scattered measurements. More pre-
cisely, we construct a bijective transformation (a normaliz-
ing flow characterizing by neural networks) between a ref-
erence random field (say, a Gaussian random field with the
Karhunen-Loève (KL) expansion structure) and the tar-
get stochastic field, where the KL expansion coefficients
and the invertible networks are trained by maximizing the
sum of the log-likelihood on scattered measurements. This
NFF model can be used to solve data-driven forward, in-
verse, and mixed forward/inverse stochastic partial differ-
ential equations in a unified framework. We demonstrate
the capability of the proposed NFF model for learning
Non-Gaussian processes, mixed Gaussian processes, and
forward & inverse stochastic partial differential equations.
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A Deep-Learning-Based Inverse Design Frame-
work Using Compressed Simulation Data for Self-
Oscillating Gels

We consider data-driven design of soft robots using a novel
locomotion mechanism based on a reaction-driven motion
of an oscillating sheet. While a forward model for the sim-
ulation of this sheet is available as a PDE solver by Alben
et. al (2019), design applications require the inversion of
sheet motion into geometric and reaction parameters of the
sheet. While PDE constrained approaches for this inver-
sion are possible, they may be time consuming and compu-
tationally expensive. Instead, we develop a deep-learning
based model mapping sheet motion to sheet parameters.
This framework is based on a stacked MLP design, whose
hyperparameters we carefully tune to reconstruct the geo-
metric and reaction parameters with high accuracy. How-
ever, this approach to train an inverse design framework
for self-oscillating gels requires a large amount of data,
which both makes training demanding and slows down the
training procedure. To tackle these types of challenges in
more general inverse-design settings, we investigate com-
pact representations of the simulation data through low-
rank matrix and tensor decomposition methodologies on
different network structures. We compare the compressed-
data inverse design framework with our original framework
in terms of estimation accuracy of the continuous and dis-
crete gel-sheet parameters, training speed, and memory re-
quirements.
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Reduced Basis Approximation for Variational Data
Assimilation over Hyper-Parameterized Model Un-
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certainties

Mathematical models, such as partial differential equa-
tions (PDEs), are widely used to predict the behavior of
a physical system. However, any model can only provide
an approximation to the underlying physics, and can be
subject to a variety of model errors, such as uncertain-
ties in the loading or initial condition. Variational Data
Assimilation can be used to improve models through the
incorporation of measurement data. Here, the inverse so-
lution requires many evaluations of the full-order forward
model, already leading to large computational costs. When
the inverse solution needs to be computed for a variety of
hyper-parameters describing flexible system configurations,
it becomes prohibitive. In this talk we present reduced
basis (RB) approximations to the 3D-VAR and 4D-VAR
variational data assimilation methods posed over hyper-
parameterized PDEs with linear model uncertainties. Af-
ter a preparatory offline phase, the RB-3D-VAR and RB-
4D-VAR methods can be evaluated at significantly reduced
cost, thereby enabling many-query approximations of the
inverse solutions for different hyper-parameters and data,
while the approximation error can be monitored through
rigorous and certified a posteriori error bounds. We discuss
implementational challenges and solutions for parabolic
problems for an exemplary continuous-Galerkin space-time
finite element discretization. We demonstrate our results
on a contaminant-dispersion problem over a Taylor-Green
vortex velocity field.
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Adaptive Quantile Surrogate Based Methodology
for Design Optimization under Uncertainties

In the processes for designing structural systems, it is es-
sential to incorporate the effects of various uncertainties
arising from the lack of data, modeling approximation, or
inherent randomness in the systems and their environment.
To this end, reliability-based design optimization (RBDO)
has been extensively studied and applied to make the best
decision based on the structural capabilities to predict the
risk caused by uncertainties. However, their practical ap-
plications are often hampered by the huge computational
costs required for the repeated reliability analysis. To ad-
dress the challenge, this paper presents the two quantile-
surrogate-based RBDO methods recently developed by the
authors [Kim, J., & Song, J. Quantile surrogates and sensi-
tivity by adaptive Gaussian process for efficient reliability-
based design optimization. Mechanical Systems and Signal
Processing, 2021, 161: 107962]. The methods estimate the
quantile surrogates of the performance functions to iden-
tify the admissible design domain. Quantile surrogates
are adaptively trained through an exploration-exploitation

trade-off by an active learning framework. In addition, the
approaches derive the parameter sensitivity formulations
of quantile surrogates to facilitate applications to high-
dimensional RBDO problems. The numerical examples
demonstrate that the proposed methods facilitate conver-
gence to reliable optimum design with fewer computational
simulation data compared to existing RBDO approaches.
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Stochastic Learning Approach to Binary Optimiza-
tion for Optimal Design of Experiments

We present a novel stochastic approach to binary optimiza-
tion for optimal experimental design (OED) for Bayesian
inverse problems governed by mathematical models such
as partial differential equations. The OED utility func-
tion, namely, the regularized optimality criterion, is cast
into a stochastic objective function in the form of an ex-
pectation over a multivariate Bernoulli distribution that
models the probability of a measurement at a given loca-
tion. The probabilistic objective is then optimized using
a stochastic-gradient optimization approach to find an op-
timal observational policy. The proposed approach is an-
alyzed from an optimization perspective and also from a
machine-learning perspective corresponding to policy gra-
dient reinforcement learning. The approach is evaluated
numerically using a sensor placement problem for parame-
ter identification for an idealized two-dimensional Bayesian
linear inverse problem.
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MS129

Reduced Model Bayesian Multiscale Method and
Uncertainty Quantification

In many applications, in inverse problems, the underly-
ing data generating mechanisms are determined by a se-
ries of differential equations which make the likelihood
computation or forward solution computationally burden-
some. Bayesian methods give a natural framework for
inverse problem solution by specifying prior and comput-
ing the high probability solution given the observed data,
and quantifying the uncertainty. Reduced model Bayesian
method plays an important role by approximating the like-
lihood. Similarly, posterior approximation techniques can
be helpful for fast scalable computation of the posterior
distribution. This talk focuses on such reduced model ap-
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proximate solutions and their properties.
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Bayesian Learning of Neural Networks for Small
Or Imbalanced Data Sets

Data-based predictive models such as neural networks are
showing great potential to be used in various scientific
and engineering fields. They can be used in conjunction
with physics-based models to account for missing or hard-
to-model physics, or as surrogates to replace high-fidelity,
overly costly physics-based simulations. However, in many
engineering fields data scarcity and / or data imbalance is
a challenge. Bayesian training of neural networks allows
for a comprehensive account of both aleatory and epis-
temic uncertainties that arise from the inherent stochastic-
ity of the physical processes being modeled and the data
scarcity. This talk will discuss two engineering applications
of Bayesian neural networks: surrogate materials model-
ing, and ambulance travel time prediction. In the first
case, data is scarce as it is obtained from expensive high-
fidelity materials simulations. Bayesian methods based on
variational inference and model averaging are utilized for
training. In the second case, real data from ambulance
trips in NYC, obtained as part of a collaboration with the
New York City Fire Department, is used to train a neu-
ral network for travel time prediction. This data is highly
imbalanced, affected by current policies on ambulances de-
ployment. Using Bayesian methods allows us to integrate
knowledge from a road network analysis to build a mean-
ingful prior, and thoroughly account for uncertainties.
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Bayesian Emulation of Complex Computer Models
with Structured Partial Discontinuities

Complex mathematical computer models are used across
many scientific disciplines and industry to improve the un-

derstanding of the behaviour of physical systems and pro-
vide decision support. Long evaluation times combined
with large numbers of inputs and outputs renders full un-
certainty quantification calculations prohibitively expen-
sive. Instead, Bayesian emulators are often employed to
provide fast predictions for as yet unevaluated parameter
settings along with a statement of the uncertainty. The
speed of emulator evaluation then facilitates a full un-
certainty quantification. Emulator construction typically
assumes that the computer model is continuous and po-
tentially smooth; hence they struggle to handle various
types of structured discontinuities. We address the em-
ulation of functions that possess a finite set of discontinu-
ities of possibly complex form, where the endpoint loca-
tions of each discontinuity may lie within the input space.
This involves embedding the input space on a hypersurface
within a higher-dimensional space; torn along the locations
of the existing structured discontinuities. Emulation pro-
ceeds over the higher-dimensional space with full flexibility
of emulator forms. The embedding induces a warped em-
ulator when projected onto the original inputs which we
counteract via a carefully constructed non-stationary co-
variance function. We demonstrate this for a petroleum
well placement problem with discontinuities induced by
partial geological fault boundaries
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Efficient Emulation of Epidemiological Spatio-
Temporal Patch Models

Modern computational science allows complex scientific
processes to be described by mathematical models imple-
mented in computer codes, or simulators. When these
simulators are computationally expensive, it is common to
approximate them using statistical emulators constructed
from computer experiments. Often, the simulator output
represents system behaviour across a large spatial and/or
temporal domain, which can make efficient emulation com-
putationally challenging. Epidemic progression is an im-
portant application area utilising temporal (and often spa-
tial) simulation. Our motivating application simulator is a
multi-patch compartmental model of flu, with each patch
representing a region of Botswana. We have extended the
methodologies of Outer Product Emulators (OPEs) and
Parallel Partial Emulators (PPEs) to emulate the epidemi-
ological model for the spread of flu through a spatially dis-
persed population. Specifically, the model produces time
series of the number of infected people in different patches
of the space, making the output spatio-temporal. We com-
pare and analyse the benefits and drawbacks of each emu-
lation approach in application to the flu model.

Daria Semochkina
University of Southampton
d.semochkina@soton.ac.uk

MS130

Variance Reduction for Estimation of Shapley Ef-
fects and Adaptation to Unknown Input Distribu-
tion

The Shapley effects are global sensitivity indices: they
quantify the impact of each input variable on the output
variable in a model. In this work, we suggest new esti-
mators of these sensitivity indices. When the input dis-
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tribution is known, we investigate the already existing es-
timator defined in [E. Song, B. L. Nelson, and J. Staum,
SIAM/ASA J. Uncertain. Quantif., 4 (2016), pp. 1060–
1083] and suggest a new one with a lower variance. Then,
when the distribution of the inputs is unknown, we extend
these estimators. We provide asymptotic properties of the
estimators studied in this article. We also apply one of
these estimators to a real data set.
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Global Sensitivity Analysis of High Dimensional
Neuroscience Models

The complexity and size of state-of-the-art cell models have
significantly increased in part due to the requirement that
these models possess complex cellular functions which are
thought–but not necessarily proven–to be important. Mod-
ern cell models often involve hundreds of parameters; the
values of these parameters come, more often than not, from
animal experiments whose relationship to the human phys-
iology is weak with very little information on the errors in
these measurements. The concomitant uncertainties in pa-
rameter values result in uncertainties in the model outputs
or Quantities of Interest (QoIs). New Global Sensitivity
Analysis (GSA) approaches are required to deal with in-
creased model size and complexity; a three stage method-
ology consisting of screening (dimension reduction), surro-
gate modeling, and computing Sobol’ indices, is presented.
The methodology is used to analyze a physiologically val-
idated numerical model of neurovascular coupling which
possess hundreds of uncertain parameters.
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On Quantile Oriented Sensitivity Analysis

We propose to study quantile oriented sensitivity indices
(QOSA indices) and show some of their theoretical prop-
erties. These have a number of shortcomings, when deal-
ing both with independent and dependent inputs, which
lead us to define new generic indices based on the Shapley
values named Goal-Oriented Shapley Effects (GOSE). In
particular, we focus on Quantile-Oriented Shapley effects
(QOSE) and subsequently perform several calculations of
QOSA indices and QOSE in order to better understand
the behaviour and the respective interest of each.
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Efficient Estimation of the Anova Mean Dimension,
with An Application to Neural Net Classification

The mean dimension of a black box function of d variables
is a convenient way to summarize the extent to which it is
dominated by high or low order interactions. It is expressed
in terms of 2**d-1 variance components but it can be writ-
ten as the sum of d Sobol’ indices that can be estimated by

leave one out methods. We compare the variance of these
leave one out methods: a Gibbs sampler called winding
stairs, a radial sampler that changes each variable one at a
time from a baseline, and a naive sampler that never reuses
function evaluations and so costs about double the other
methods. For an additive function the radial and wind-
ing stairs methods are most efficient. For a multiplicative
function the naive method can easily be most efficient if the
factors have high kurtosis. As an illustration we consider
the mean dimension of a neural network classifier of digits
from the MNIST data set. The classifier is a function of
784 pixels. For that problem, winding stairs is the best
algorithm. We find that inputs to the final softmax layer
have mean dimensions ranging from 1.35 to 2.0.
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Near-optimal compression in near-linear time

We introduce Kernel Thinning-Compress++ (KT-
Compress++), an algorithm based on two new procedures
for compressing a distribution P nearly optimally and
much more effectively than i.i.d. sampling/standard
thinning. Given a suitable reproducing kernel k and
O(nlog3n) time, KT-Compress++ compresses an n-point
approximation to P into an sqrt(n)-point approximation
with better than Monte Carlo integration error rates for
functions in the associated reproducing kernel Hilbert
space (RKHS). First, we show that for any fixed-function
KT-Compress++ provides dimension-free guarantees for
any kernel, any distribution, and any fixed-function in the
RKHS. Second, we show that with high probability, the
maximum discrepancy in integration error is Od(n

−1/2)

up to logarithmic factors for a broad class of P on Rd.
In contrast, an equal-sized i.i.d. sample from P suffers
at least n−1/4 integration error. Our guarantees nearly
match the known lower bounds for several settings, and
while resembling the quasi-Monte Carlo error rates for
uniform P on [0, 1]d they apply to general distributions on
Rd and several universal kernels. En route, we introduce
a new simple meta-procedure Compress++, that can
significantly speed up the runtime of a generic thinning
algorithm while suffering at most a factor of 4 error.
Finally, we present several vignettes illustrating the
practical benefits of KT-Compress++ in dimensions d = 2
to 100.
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Bayesian Multilevel Monte Carlo

Multilevel Monte Carlo is a common tool for approximat-
ing integrals of computationally expensive models. Its ef-
ficiency stems from the use of approximations of the in-
tegrand of interest at several levels of accuracy which can
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be evaluated at a reduced computational cost, and natu-
rally lead to an estimator with lower variance than clas-
sical Monte Carlo methods. In this paper, we propose a
Bayesian multilevel Monte Carlo method. We show that
our approach leads to significant further improvements in
accuracy.
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Monte Carlo Variance Reduction Using Stein Op-
erators

This talk will focus on two new methods for estimating pos-
terior expectations when the derivatives of the log posterior
are available. The proposed methods are in a class of esti-
mators that use Stein operators to generate control variates
or control functionals. The first method applies regulari-
sation to improve the performance of popular Stein-based
control variates for high-dimensional Monte Carlo integra-
tion. The second method, referred to as semi-exact control
functionals (SECF), is based on control functionals and
Sard’s approach to numerical integration. The use of Sard’s
approach ensures that our control functionals are exact on
all polynomials up to a fixed degree in the Bernstein-von-
Mises limit. Several Bayesian inference examples will be
used to illustrate the potential for reduction in mean square
error. If time permits, I will also briefly describe some ben-
efits and challenges of Stein-based control variates in the
unbiased Markov chain Monte Carlo setting.
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Vector-Valued Control Variates

Control variates are post-processing tools for Monte Carlo
estimators which can lead to significant variance reduc-
tion. This approach usually requires a large number of
samples, which can be prohibitive for applications where
sampling from a posterior or evaluating the integrand is
computationally expensive. Furthermore, there are many
scenarios where we need to compute multiple related in-
tegrals simultaneously or sequentially, which can further
exacerbate computational costs. In this paper, we propose
vector-valued control variates, an extension of control vari-
ates which can be used to reduce the variance of multiple
integrals jointly. This allows the transfer of information
across integration tasks, and hence reduces the overall re-
quirement for a large number of samples. We focus on
control variates based on kernel interpolants and our novel
construction is obtained through a generalised Stein iden-
tity and the development of novel matrix-valued Stein re-
producing kernels. We demonstrate our methodology on
a range of problems including multifidelity modelling and
model evidence computation through thermodynamic in-
tegration.
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Generalized Feature Fitting Approach for Remote
Imaging Spectroscopy

Imaging spectroscopy is a remote-sensing technique that
allows the mapping of surface features by recording re-
flective light in narrow and continuously spaced spectral
bands. Many materials on Earths surface have unique
spectral signitures, which are detectable via these mea-
surements. A generalized framework that can account for
various sources of uncertainty is needed to calculate and
accurately map the abundance of materials with known
signatures. In this work, we developed a new data model
that accounts for observation and modeling uncertainties
so these quantities can be leveraged for improved modeling
performance and propagated for the production of mineral
maps with error bars. We use generalized least squares
and chi2 hypothesis testing to provide the capability to
decline a proposed model and to compare between compet-
ing models on the same pixel. We tested this algorithm on
real-world data from Cuprite Hills, NV., a relict hydrother-
mal alteration mineral site, measured using NASAs Air-
borne Visible InfraRed Imaging Spectrometer - Next Gen-
eration (AVIRIS-NG). Our results show improved retrieval
performance compared with the traditional approach, as
the algorithm can leverage uncertainties that vary spatially
between pixels. This methodology was developed for the
study case of mapping surface minerals but is readily appli-
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cable to other applications that map materials with known
spectral signatures, e.g., vegetation mapping, soil property
mapping, and target detection.
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MS132

Bayesian Spatial Statistical Modeling and Compu-
tation for Global Imaging Spectroscopy

The Bayesian approach to inverse problems arising in imag-
ing spectroscopy can quantify uncertainty in retrievals and
help elucidate the value of different information sources,
but it can be computationally intractable in practice. In
many Bayesian inverse problems, however, there exists
a low-dimensional likelihood-informed subspace that de-
scribes both optimal projections of the data and directions
in parameter space that are most informed by the data.
We utilize this subspace in inverse problems for fitting
surface and atmospheric models to imaging spectrometer
data, with the goal of developing a Markov chain Monte
Carlo (MCMC) retrieval algorithm sufficiently fast for op-
erations. As the current approach focuses on pixel-by-pixel
retrievals, we explore extensions of this approach that ex-
ploits correlations in a spatial field.
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MS132

Radiative Transfer Emulation for Hyperspectral
Imaging Retrievals with Advanced Kernel Flows-
Based Gaussian Process Emulation

Changes in geophysical properties on the surface of the
Earth can be monitored with remote imaging spectroscopy.
These properties are derived from surface reflectance,
which needs to be obtained in a first-stage retrieval from
measured radiance spectra. Performing this retrieval re-
quires solving a non-linear inverse problem and the quality
of the second-stage retrievals of the biophysical properties
depends on how well the first-stage retrieval is performed.
A computational bottleneck for these retrievals is radia-
tive transfer: for each retrieval a radiative transfer model
(RTM) needs to be queried several times, and these mod-
els are in general computationally costly. A way to resolve
this issue is to construct a lookup table representation of
the RTM, which is then interpolated. While kriging offers
a simple solution, its accuracy and the underlying uncer-
tainties are highly sensitive to the prior selection of an un-
derlying kernel. We solve this problem by using the Kernel
Flows (KF) algorithm to learn a data-dependent kernel,

with which we construct a Gaussian process emulator for
the RTM. This emulator can then be used in retrievals. In
this presentation we discuss the KF algorithm implemen-
tation and the emulator design for the reflectance retrieval
problem. We describe the computational details, evaluate
the performance of the emulator, and describe what effects
keeping track of uncertainties in approximating radiative
transfer has on retrieved surface reflectances.
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MS133

Causal Inference for Extreme Values

Extreme value statistics concerns the maxima of random
variables and relations between the tails of distributions
rather than averages and correlations. The vast majority
of models are centered around max-stable distributions,
the Gaussian analogs for extremes. However, max-stable
multivariate have an intractable likelihood, severely limit-
ing statistical learning and inference. Directed graphical
models for extreme values (aka max-linear Bayesian net-
works) have only appeared in 2018, but have seen many
applications in finance, hydrology and extreme risks mod-
elling. This talk (1) highlights how they differ from usual
Bayesian networks, (2) discusses their connections to trop-
ical convex geometry, (3) shows performances of current
learning algorithms on various hydrology datasets, and (4)
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outlines major theoretical and practical challenges.
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MS133

Spatial Modeling of Heavy Precipitation by Cou-
pling Weather Station Recordings and Ensemble
Forecasts with Max-Stable Processes

Due to complex physical phenomena, the distribution of
heavy rainfall events is difficult to model spatially. Physics-
based numerical models can provide physically coherent
spatial patterns, but may miss important precipitation
features like heavy rainfall intensities. Measurements at
ground-based weather stations supply adequate rainfall in-
tensities, but most national weather recording networks are
spatially too sparse to capture rainfall patterns. To fully
leverage these two information sources, climatologists and
hydrologists seek models that can merge different types of
rainfall data. One inherent difficulty is capturing the ap-
propriate multivariate dependence structure among rainfall
maxima. Multivariate extreme value theory (EVT) sug-
gests the use of a max-stable process, which can be repre-
sented by a max-linear combination of independent copies
of a hidden stochastic process weighted by a Poisson point
process. In practice, the choice of this hidden process is
non-trivial, especially if anisotropy, non-stationarity and
nugget effects are present in the spatial data. By coupling
forecast ensemble data from the French national weather
service with local observations, we construct and compare
different types of data-driven max-stable processes that are
parsimonious in parameters, easy to simulate and capable
of reproducing nugget effects and spatial non-stationarities.
We compare our new method with classical approaches
from spatial EVT such as Brown-Resnick processes.
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Neural Extreme Value Copulas

We propose a neural-network-based method for calibrat-
ing and sampling multivariate extreme value distributions
(EVDs). EVDs arise from Extreme Value Theory as the
necessary class of models when extrapolating a distribu-
tional fit over large spatial and temporal scales based on
data observed in intermediate scales. EVDs are governed
by the so-called Pickands dependence function, which is
known to possess certain structural properties. We demon-
strate that these structural properties, which we care-
fully maintain in our neural-network architecture, enable

learning EVDs using relatively small amounts of data.
Moreover, we present new methods for sampling high-
dimensional EVDs using a generative model. We demon-
strate our methodology with a number of experiments,
in data ranging from environmental sciences to financial
mathematics, as well as on synthetic data. The empirical
results demonstrate the considerable promise of our pro-
posed methods.
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MS133

Distributionally Robust Non-Parametric Bayesian
Conditional Mean Estimation

We study a distributionally robust optimization formu-
lation (i.e. a minmax game) for the problem of non-
parametric Bayesian conditional mean estimation. We
choose the best mean-squared error predictor on a Hilbert
space against an adversary which chooses the worst-case
model in a Wasserstein ball around an infinite-dimensional
Gaussian model. The Wasserstein cost function is cho-
sen to control features such as the amount of roughness
or smoothness on the paths that the adversary is allowed
to inject. We show that the game has a well defined value
(i.e. strong duality holds in the sense that max-min = min-
max) and existence of a Nash equilibrium which can be
computed by a sequence of finite-dimensional approxima-
tions. We showcase the versatility of our modeling frame-
work through a set of numerical experiments.
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MS134

Apik: Active Physics-Informed Kriging Model
with Partial Differential Equations

Kriging (or Gaussian process regression) becomes a popu-
lar machine learning method for its flexibility and closed-
form prediction expressions. However, one of the key chal-
lenges in applying kriging to engineering systems is that the
available measurement data is scarce due to the measure-
ment limitations or high sensing costs. On the other hand,
physical knowledge of the engineering system is often avail-
able and represented in the form of partial differential equa-
tions (PDEs). We present in this paper a PDE Informed
Kriging model (PIK), which introduces PDE information
via a set of PDE points and conducts posterior prediction
similar to the standard kriging method. The proposed PIK
model can incorporate physical knowledge from both lin-
ear and nonlinear PDEs. To further improve learning per-
formance, we propose an Active PIK framework (APIK)
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that designs PDE points to leverage the PDE information
based on the PIK model and measurement data. The se-
lected PDE points not only explore the whole input space
but also exploit the locations where the PDE information
is critical in reducing predictive uncertainty. Finally, an
expectation-maximization algorithm is developed for pa-
rameter estimation. We demonstrate the effectiveness of
APIK in two synthetic examples, a shock wave case study,
and a laser heating case study.
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MS134

Bayesian Learning of Stochastic Dynamical Models
for PDE Quantities of Interest: Avoiding Full-Field
Reduced Modeling

We present a formulation for the identification of dynam-
ical systems that is derived from probabilistic principles
and accounts for three types of uncertainty present in sys-
tem ID: parameter, model, and measurement. Most ex-
isting system ID methods will only consider uncertainty
in the data/output of the system. In contrast, we addi-
tionally account for the uncertainty present in our dynam-
ics/parameters by modeling the system as a stochastic pro-
cess. This modeling choice can be shown to produce a reg-
ularizing term in the posterior that can counteract multi-
modality and make optimization/sampling easier. Further-
more, this regularization is derived directly from the model
of the system rather than from heuristic techniques such as
penalizing the parameter norm. Recent algorithmic devel-
opments include parallel tempering MCMC sampling tech-
niques that can help overcome the difficulties of sampling
complicated posteriors. We present the benefits of this
method for the identification of nonlinear dynamics, includ-
ing chaos and PDEs. When considering high-dimensional
systems, we demonstrate our methods applicability to iden-
tifying the dynamics of a quantity of interest, which is of-
tentimes desirable to avoid the computational expense of
full-field simulation.
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MS134

Characterizing Uncertainty in Deep Learning Mod-
els: An Application To Image Data from Combus-
tion Experiments

In this talk, we discuss the uncertainty quantification pro-
cess for a U-net used to predict the fuel regression rate for
a hybrid rocket experiment. The U-net is a convolutional
neural network (CNN) architecture used for image segmen-
tation: the task of classifying pixels and identifying objects
and their location in an image. Propulsion research is an
area where the U-net may be gainfully employed due to
the ample availability of experimental image data and the
need for deriving combustion-related quantities of interest

from such data. Uncertainty quantification of such pre-
dictive CNN models is essential: experimental images are
noisy and these models include inherent variation in their
predictions. We focus here on the fuel regression rate, i.e.
the rate that the fuel recedes over the course of a burn.
The uncertainty quantification process includes two parts:
model uncertainty (How confident is the model for each
pixel prediction in the segmented fuel image?) and in-
put data uncertainty (What is inherent uncertainty in the
training data and how does it impact the predictions?). To
quantify model uncertainty, we introduce dropout layers to
the U-net, which allows to produce an uncertainty map for
each prediction. For the input data, we analyzed how un-
certainty is introduced through each process in preparation
of the training images: camera calibration, experimental
noise, image resizing, and human error.
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Efficient Large-Scale Bayesian Inference for Predic-
tive Modeling in Precision Health Balance Training

Deep neural networks (DNNs) are a powerful tool for au-
tomating expert assessment tasks in the fields of medicine
and physical therapy, and can substantially reduce the
workload of trained technicians. In this work, we use con-
volutional neural networks in a novel application of assess-
ing balance potential for older adults and adults with inner
ear disorders. However, DNNs often fail to sufficiently (or
at all) convey appropriate uncertainty information, which
is critical to both medical professionals and patients alike.
We quantify uncertainty in DNN models by performing
Bayesian inference for their weight parameters, i.e., creat-
ing Bayesian neural networks. With parameter dimension
often reaching hundreds of thousands for DNNs, we con-
duct approximate inference using Stein variational gradient
descent (SVGD). Parameter dimensionality is further re-
duced by projected parameters onto Hessian-informed ac-
tive subspaces, via projected SVGD. Prior distributions
for the DNN weights also tend to be very abstract, and at
times arbitrary. We illustrate that priors on DNN param-
eters can in fact be used to create intuitive prior predic-
tions while also inducing prediction-enhancing regulariza-
tion. Furthermore, a hierarchical Bayesian framework is
also demonstrated in which the model can learn the qual-
ity of data and carefully weigh the impact of the data on
modifying prior.
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Transient Effects of Fire on Landscapes and Impli-
cations for Modeling Water-Related Hazards

Fire temporarily alters soil and vegetation properties, pro-
moting increases in runoff and erosion that can dramati-
cally increase the likelihood of destructive flash floods and
debris flows downstream of burned areas. Debris flows,
or fast-moving landslides that consist of a mixture of wa-
ter, mud, and rock, initiate after fires when surface water
runoff rapidly erodes sediment on steep slopes. Due to the
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complex interactions between runoff generation, soil ero-
sion, and post-fire debris-flow initiation/growth, the study
of post-fire debris-flow hazards necessitates an approach
that couples these processes within a common modeling
framework. Models used to simulate these processes, how-
ever, often contain a number of poorly constrained parame-
ters, particularly in post-fire settings where there is limited
time to collect data and where parameters related to soil
and vegetation properties will change over time as the land-
scape recovers. Here, we describe the immediate impact of
fire on the landscape, as well as physics-based models de-
signed to simulate runoff, erosion, and debris flow processes
in burned areas, and attempts to parameterize temporal
changes in key model input parameters as the landscape
recovers. We highlight existing gaps in our ability to as-
sess post-fire debris-flow hazards and motivate the need
to expand our ability to use numerical modeling tools and
quantify uncertainties in model outputs in order to support
post-fire decision support systems.
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Building Computer Models for Rain Induced Flows
in Burnt Areas

We will present the careful development of models for post
wild-fire debris flows in the framework of the popularly
used TITAN2D code. These are informed by sparse data
from recent events. The data are restricted to observa-
tions of flow footprints. Inputs to the model include dif-
ficult to characterize rainfall rates, rheology and entrain-
ment parameters and topography. Our models must rep-
resent these well so further analysis of the uncertainty and
hazards may carried out.
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Characterizing Parallel Partial Emulation

Gaussian Process emulators (GPs) are a non-parametric re-
gression technique that provides the best, linear, unbiased
estimator of a scalar output, given data. In the classical
approach of emulation, predicting the output at, say, every
point of a spatial grid in a simulation of PDEs requires each
space point to be its own dimension, increasing the required
computational work to make such a prediction impractical.
Recent work by Gu, Berger, and colleagues has proposed
an extension of GP emulation to predict the functional out-
put of simulations, with feasible computational work, by a
clever sharing of certain parameters computed in the GP
construction. In order to use this extended GP emulator in
uncertainty analysis it is helpful to examine properties of
the predicted solutions How well do the predicted solutions
satisfy the underlying differential equation? Are properties
of the differential equation such as conservation satisfied
by the predicted solutions? We examine these questions
through simple analysis and computational studies.
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Emulators of Post-Fire Debris-Flows

Numerical models of post-fire debris-flow bulking and
runout are computationally expensive. These models de-
pend on poorly constrained and difficult to measure pa-
rameters related to fire-altered soil and vegetation, some
of which change in time. Further, the development of de-
bris flows (as opposed to clear flows) also depends on the
rainfall intensity of potential storms. To date, modeling
based hazard analysis has focused on if” a debris-flow will
might triggered on a given fire scared hillside, and not on
the extent or footprint of potential debris-flow runouts. We
employ Gaussian process emulators to high-dimensional
debris-flow model output to quantify uncertainties and aid
in model-based hazard assessments of post-fire debris-flow
inundation hazard assessments.
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Risk Averse Engineering Design Using MLMC Es-
timators

Accurate and efficient estimation of risk measures and their
sensitivities with respect to design parameters is impor-
tant to the robust design of civil engineering structures.
Gradient-based algorithms can be used to solve these opti-
mal design problems, for which knowledge of these sensitiv-
ities are essential. Monte Carlo methods have been used for
the statistical estimation of these risk measures and their
sensitivities since the input uncertainties are often high-
dimensional. Multi-Level Monte Carlo (MLMC) methods
improve upon the performance of Monte Carlo methods
by using a sequence of approximations of the underlying
problem to reduce the cost of solution. We propose novel
MLMC estimators and error estimators for risk measures
such as the Conditional-Value-at-Risk (CVaR), as well as
their sensitivities. We also present a Continuation-MLMC
(C-MLMC) algorithm to adaptively calibrate the param-
eters of the MLMC estimator. C-MLMC algorithms rely
on error estimators and adaptivity to achieve a prescribed
tolerance with minimal computational cost. We will also
show how MLMC estimators can be used within a gradient-
based algorithm for robust design. We demonstrate a sim-
ple example of optimal design, as well as an example that
is practically relevant to the engineering community.
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Improving Digital Twins by Learning from a Fleet
of Assets

A digital twin is an evolving virtual model of a system
or physical asset that assimilates data during the system’s
lifecycle so that it becomes an asset-specific model that
underpins intelligent automation and drives key decisions.
The digital twin concept was devised under the observation
that information based on fleet (class) statistics is often not
useful for assessing the health of an individual asset, since
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the condition of assets varies across a fleet due to variability
in manufacturing and operating conditions. While it is true
that the average health of the asset class cannot be used
to reliability certify the health of a single asset, data from
multiple assets can be used in combination with local asset
data to improve a digital twin. In this talk we leverage the
digital twin concept to improve inferences about a single
asset by utilizing observations of similar assets within an
asset class. With this goal, we build networks of digital
twins that encode the conditional dependence between the
states of each asset in a class. We present numerical exam-
ples that highlight the generality of our approach through
its application to model problems.
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Multi-Index Sequential Monte Carlo Ratio Estima-
tors for Bayesian Inverse Problems

In this talk, we consider the problem of estimating expecta-
tions of some quantity of interests with respect to a target
distribution with an unknown normalising constant. We
work under the assumption that the unnormalised target
is intractable and needs to be approximated at finite resolu-
tion. Under such an assumption, our ratio estimators are
constructed by applying a multi-index Sequential Monte
Carlo method which combines the multi-index Monte Carlo
for complexity improvement and Sequential Monte Carlo
for efficient inference. With theoretical results, the multi-
index Sequential Monte Carlo ratio estimators can achieve
canonical complexity of MSE−1 for many problems where
the existing methods require MSE−ξ. Numerical results
are shown on examples of Bayesian inverse problems.
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Application of AdaAnn with Normalizing Flows to
Approximate Probability Density Functions

Normalizing flows are invertible mappings used to trans-
form simpler probability densities into ones that are more
complex. Through optimizing parameters associated with
these mappings, normalizing flows are used in statistics
and machine learning for density estimation and varia-
tional inference. In the framework of variational inference,

to improve the efficiency and accuracy of the approxima-
tion via normalizing flows especially when a target distri-
bution is multimodal, annealing of the target distribution
with a constant annealing schedule in the optimization is
often employed. On the other hand, a constant anneal-
ing schedule often applies slowly-changing temperatures to
the target distribution and can be inefficient computation-
ally. In this talk, we will introduce a more efficient adap-
tive annealing scheduler called AdaAnn that automatically
adjusts the incremental step in the annealing schedule to
the KL-divergence between two adjacent tempered distri-
butions. We will demonstrate the computational efficiency
of normalizing flows with AdaAnn in approximating mul-
timodal distributions and obtaining Bayesian inferences of
the parameters for dynamical systems.
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Probabilistic Approaches to Transfer Learningfor
Sparse and Noisy Data Environments

Machine learning (ML) models have thus far been applied
to tasks and domains that, while impactful, have sufficient
volume of data. For predictive tasks of national security
relevance, ML models of great capacity are often needed
to capture the complex underlying physics. Such models
normally require an abundance of training data to exhibit
sufficient predictive accuracy, which might not be available
due to (1) excessive expense of computer simulations, (2)
prohibitive experimental data acquisition cost, or (3) lim-
ited access to classified/sensitive data. To alleviate such
difficulties, transfer learning (TL) may be used in which
similar data from existing datasets or domains is used. We
present a novel probabilistic TL framework to enhance the
trust in ML models within noisy and sparse data settings.
The framework will assess when it is worth applying TL,
which ML model to use in TL, and how much knowledge
is to be transferred. We rely on extensions of concepts
and techniques from the fields of Bayesian inversion, se-
quential data assimilation, uncertainty quantification, and
information theory. We provide insights through an appli-
cation to polynomial-based surrogate model construction.
We investigate that extent to which TL alleviates sparsity
in training data that may jeopardize the reliability of such
surrogates.
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Convergence of Deep Neural Networks: a Big Gap
Between Theory and Practice

Mesh refinement provides a cornerstone of verification and
validation for FEM; following from the consistency and sta-
bility of Galerkin methods, demonstrating convergence of
a result on a sequence of refined grids is establishes that
a solution is accurately arriving at a discrete solution to
the continuous problem. For neural networks a number
of approximation theory results establish best approxima-
tion results, namely, existence of neural networks which
converge in Sobolev norms with respect to network width
and depth. In practice however such optimal weights and
biases are not obtained when training a network with gra-
dient descent, leading to O(1) errors. Consequently, when
using neural networks for regression and PDE solution, one
cannot simply increase the size of the network to demon-
strate convergence, leading to a new source of uncertainty.
In this talk we provide an overview of this approximation
theory in the literature and survey our recent work reme-
dying this in practice.
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Friends Dont Let Friends Deploy Black-Box Mod-
els: The Importance of Intelligibility in Machine
Learning - Part I

In machine learning often tradeoffs must be made between
accuracy, privacy and intelligibility: the most accurate
models usually are not very intelligible or private, and the
most intelligible models usually are less accurate. This can
limit the accuracy of models that can safely be deployed
in mission-critical applications such as healthcare where
being able to understand, validate, edit, and trust mod-
els is important. EBMs (Explainable Boosting Machines)
are a recent learning method based on generalized addi-
tive models (GAMs) that are as accurate as full complex-
ity models, more intelligible than linear models, and which
can be made differentially private with little loss in accu-
racy. EBMs make it easy to understand what a model has
learned and to edit the model when it learns inappropriate
things. In the talk Ill present case studies where EBMs
discover surprising patterns in data that would have made
deploying black-box models risky. Ill also show how were
using these models to uncover and mitigate bias in models
where fairness and transparency are important.
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Quantifying Reliability of Machine Learning Pre-
dictions via Physics-Informed Metrics

Machine learning (ML) based models are adopted to ana-
lyze direct image data from experimental science, including
cold atom studies. This type of data suffers information
losses from the imperfections of the techniques we used
to prepare and measure them and we sometimes fail to
leverage our simulation techniques to interpret them. In

this talk, I will discuss how we adopt an ML model to de-
tect multiple solitons in time-of-flight absorption images
in order to automate related experiments. Furthermore,
we quantify the reliability of such a model by combing it
with a physics-informed module with our comprehension
of the physical phenomena. In addition to the quantity
of detected excitation, this module can classify each soli-
tonic feature into one of three categories: kink soliton, soli-
tonic vortex, or ”partial” soliton. At last, we provide an
open-source python package for solitonic excitation detec-
tion from both the pre-trained model with our data and
any user-defined cold atom absorption image data.
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Friends Dont Let Friends Deploy Black-Box Mod-
els: The Importance of Intelligibility in Machine
Learning - Part II

In machine learning often tradeoffs must be made between
accuracy, privacy and intelligibility: the most accurate
models usually are not very intelligible or private, and the
most intelligible models usually are less accurate. This can
limit the accuracy of models that can safely be deployed
in mission-critical applications such as healthcare where
being able to understand, validate, edit, and trust mod-
els is important. EBMs (Explainable Boosting Machines)
are a recent learning method based on generalized addi-
tive models (GAMs) that are as accurate as full complex-
ity models, more intelligible than linear models, and which
can be made differentially private with little loss in accu-
racy. EBMs make it easy to understand what a model has
learned and to edit the model when it learns inappropriate
things. In the talk Ill present case studies where EBMs
discover surprising patterns in data that would have made
deploying black-box models risky. Ill also show how were
using these models to uncover and mitigate bias in models
where fairness and transparency are important.

Harsha Nori
Microsoft Research, U.S.
hanori@microsoft.com

MS138

Building a Noise-Tolerant Framework for Quantum
Dot Auto Tuning

Gate-defined quantum dots (QDs) are a promising quan-
tum computing platform, yet initialization of these devices
is non-trivial. While there has been some progress toward
autonomous tuning, most of the proposed approaches lack
an assessment of data or tuner reliability. This leads to
unexpected failures when imperfect data is processed by
an autonomous system. We demonstrate a framework for
robust QD autotuning by pairing a machine learning (ML)
state classifier with a data quality control module. The
latter subsystem verifies image quality before processing
by the state classifier, avoiding potential high uncertainty
classification of imperfect data. To train both ML systems,
we enhance the QD simulation by incorporating synthetic
noise typical of QD experiments. Thus, we prevent high
uncertainty predictions by leveraging outside knowledge
about the possible types of noise in our data. We confirm
that the augmentation of our data with synthetic noise sig-
nificantly improves the performance of our state classifier,
resulting in an accuracy of 95.1(7) % when tested on ex-
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perimental data. We then validate the functionality of the
data quality control module by showing the state classifier
performance deteriorates with decreasing data quality, as
expected. Our results establish a robust and flexible ML
framework for autonomous tuning of noisy QD devices.

Joshua Ziegler
National Institute of Standards and Technology
joshua.ziegler@nist.gov

MS140

Learning Graphs, Density Estimation, and the In-
formation Gap

Recent algorithms to learn the undirected graphical model
(UGM) of a dataset rely on measure transport to represent
the corresponding distribution. This initial density esti-
mation step is of course expensive in high dimensions, and
must happen before the real algorithm begins—computing
the Hessian of the log density which reveals conditional in-
dependence (and thus the UGM). But consider that the
UGM is a coarse summary of the density: a given den-
sity respects the conditional independence properties of a
single graph, but any single graph is consistent with in-
finitely many densities. We call this the information gap,
and claim that learning the graph should therefore be eas-
ier than learning a proper density estimate. In this work,
we prove that, for a particular class of distributions, this
is entirely possible—we can still, to known error, learn the
correct graph with very cheap (incorrect) density approxi-
mations. In this talk, I’ll review some of the theory, various
numerical examples, and possible extensions of the infor-
mation gap.
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MS140

Localized Transport Maps for Non-Gaussian Ran-
dom Fields with Applications in Sea Ice

Gaussian processes and Gaussian Markov random fields are
a common way of defining prior distributions for Bayesian
inference problems. While ubiquitous, there are many ap-
plications where Gaussian priors cannot capture the struc-
ture observed in reality, even when transformations of the
Gaussian distribution are employed (e.g., lognormal pro-
cesses). We illustrate this point with a sea ice inverse
problem where historic remote sensing data can be used
for prior specification. We then discuss the use of trans-
port maps for constructing non-Gaussian Markov random
fields from historic data. Possible approaches for introduc-
ing additional structure like isotropy and stationarity will
be introduced and demonstrated on a data fusion example
for remote characterization of sea ice roughness.
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MS140

Optimal Transport Normalizing Flows

A data driven procedure is developed to compute
the optimal map between two conditional probabilities
�(x|z1, . . . , zL) and μ(x|z1, . . . , zL) depending on a set of
covariates zi. The procedure is tested on synthetic data
from the 2017 ACIC Data Analysis Challenge for the esti-
mation of treatment effect. Exactly solvable examples and
simulations are performed to highlight the differences with
ordinary optimal transport.
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MS140

A Triangular Approach to Generative Modeling

The triangular map is a popular tool for transforming any
source probability density to any target density. Based
on triangular maps, we propose a general framework for
high-dimensional density estimation, by specifying one-
dimensional transformations (equivalently conditional den-
sities) and appropriate conditioner networks. This frame-
work (a) reveals the commonalities and differences of ex-
isting autoregressive and flow based methods, (b) allows
a unified understanding of the limitations and representa-
tion power of these recent approaches and, (c) motivates
us to uncover a new Sum-of-Squares (SOS) flow that is in-
terpretable, universal, and easy to train. We further show
that the density quantile functions of the source and tar-
get density provide a precise characterization of the slope
of transformation required to capture tail behaviours, and
propose tail-adaptive flows that adjust the source density
and the triangular map simultaneously. Lastly, we argue
that the triangular map also leads naturally to a multivari-
ate extension of the univariate quantile function and we
illustrate its relevance in novelty detection applications.

Yaoliang Yu, Priyank Jaini
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MS141

Bayesian Estimation and Forward Propagation of
Data-Driven Potential Uncertainty in Lennard-
Jones Cluster Dynamics

A common way of representing the long-time dynamics of
materials is in terms of a Markov chain over metastable
states. This chain can either be used to generate trajecto-
ries using kinetic Monte Carlo, or analyzed directly, e.g., in
terms of first passage times between distant states. While
a number of approaches have been proposed to infer such a
representation from direct molecular dynamics (MD) sim-
ulations, challenges remain. For example, chains inferred
from a finite amount of MD will in general be incomplete,
leading to uncertainties in the inferred quantities of inter-
est (QoI). We quantify the local completeness of the chain
in terms of Bayesian estimators of the yet unobserved rate,
and its global completeness in terms of the residence time
of trajectories within the explored subspace. This allows
ones to characterize the uncertainty on the measured QoI,
as well as to develop optimal sampling strategies to fur-
ther improve the accuracy of the target QoI at the smallest
computational cost. We illustrate our approach with ex-
amples from materials science, including the computation
of breakup times of defect clusters, as well as of transport
coefficients.

Dallas Foster
Massachusetts Institute of Technology
fostdall@mit.edu

MS141

Uncertainty Quantification in First-Principle Ma-
terials Modelling: Overview and Challenges

First-principle material modelling involves a coupling of
multiple computational layers. For example the determi-
nation of macroscopic observables requires long-running
molecular dynamics (MD) simulations. These are driven
using interatomic potentials, which are learned based on
data, which in turn is generated using computations, e.g.
density-functional theory (DFT). Overall a sizable number
of parameters are needed to tune physical approximations
and the numerics to solve them. The ability to address
uncertainties across these scales is thus crucial to make re-
liable parameter choices. However, systematic approaches
for uncertainty quantification (UQ) are underdeveloped.
One challenge is that workflows are too computationally
demanding to allow for black-box sampling techniques. To
make progress it is thus key to gain insight on reduced
problems. Moreover an optimal exploitation of tools such
as algorithmic differentation are needed e.g. to unlock inva-
sive techniques. This contribution will present an overview
of standard materials modelling and associated sources of
uncertainty. It will discuss recent efforts within the multi-
disciplinary CESMIX project to develop composable soft-
ware for materials simulation written in Julia. Main goal is
to support both established software (such as LAMMPS)
as well as emerging Julia codes (such as DFTK.jl). This fa-
cilitates the development of UQ on reduced problems, but
still allows a future integration into standard packages of
the field.

Michael F. Herbst
RWTH Aachen University
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MS142

Assessing the Risk of Data-Driven Optimal Designs
Using Scenario Theory

This talks outlines the foundations of scenario optimization
theory and exemplifies its usage by means of a system iden-
tification example. The scenario optimization approach
is a technique for obtaining solutions to robust optimiza-
tion and chance-constrained optimization problems based
on a sample of the constraints. The approach not only
yields an optimal solution but also a formally-verifiable,
non-asymptotic, distribution-free certificate of its correct-
ness. Such a certificate is of paramount importance in as-
sessing the risk of solutions for safety-critical applications.
For constraints that are convex a deep theoretical analy-
sis has been established which shows that the probability
of a new constraint being violated follows a distribution
that is dominated by a Beta distribution. This result is
exact for a whole class of convex problems. Extensions
to non-convex optimization have been recently developed.
This framework will be illustrated by building a computa-
tional model of a dynamic system according to multivari-
able input-output data. An Interval Predictor Model pre-
scribes the parameters of a computational model as a set
thereby making each predicted output an interval-valued
function of the input. The formulation proposed seeks the
parameter set leading to the tightest enclosure of the data.
Scenario theory is used to compute an upper bound on
the probability of future data falling outside the predicted
interval.

Luis G. Crespo
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MS142

Data-Driven Predictions in Safety-Critical Sys-
tems: Challenges and Opportunities

This talk outlines challenges and opportunities that arise
in safety-critical systems when data-driven predictions are
introduced, and some reflections from practical UQ appli-
cations. Safety-critical systems are all around us, from
commercial airplanes to nuclear power plants. Historically,
the safety of such systems has been addressed by analysis of
potential scenarios to which the system can be subjected,
and cautious engineering of the capacity of these systems.
As the complexity of our engineering systems increases, and
are more interconnected and controlled by computers, our
human minds have become hard-pressed to cope with this
enormous and dynamic complexity. Data-driven modeling,
such as ML, has revolutionized the way we approach such
problems and may soon become integral to many safety-
critical systems. However, it also introduces additional un-
certainties that must be properly handled. This is essential
if we want to be confident that future engineering systems
remain sufficiently safe. There are different approaches to
increase confidence. This could be from statistical guaran-
tees to ensure robustness, or by uncertainty reduction, for
instance through optimal experimental design. There are
also methods that are not directly linked to data uncer-
tainty. For instance, leveraging the knowledge of the rele-
vant physical system through physics-based constraints, or
explainable model diagnostics. From a more general safety
perspective, this may be just as important.

Carla J. Ferreira
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MS142

A Machine Learning Approach to Safer Airplane
Landings: Predicting Runway Friction Using XG-
Boost and Explainable AI

The presence of snow and ice on runway surfaces reduces
the available tire-pavement friction needed for retardation
and directional control and causes potential economic and
safety threats for the aviation industry. To activate appro-
priate safety procedures, pilots need accurate and timely
information on the actual runway surface conditions. This
talk shows how machine learning (ML) can be used to pre-
dict complex physical phenomena such as surface friction,
when the underlying physical model is difficult to retrieve.
A problem when working with safety-critical systems is
that we do not have sufficient experience data from danger-
ous situations, which in our case means very slippery condi-
tions. We approach this problem by combining prediction
models trained with different focus areas on subgroups of
the data. The ML models are compared to several state-of-
the-art runway assessment methods and outperform them
all. However, the ML algorithms provide highly complex
models, as scores from hundreds of decision trees are com-
bined. This makes it difficult to interpret and trust how
the predictions are made. To decrease the uncertainty in-
volved in the use of ML algorithms, the prediction models
are combined with SHAP approximations, which presents
arguments for the predictions. This provides a compre-
hensible decision support system for airport operators and
pilots, which can contribute to safer and more economic
operations of airport runways.

Alise D. Midtfjord
University of Oslo
alisedm@math.uio.no

MS143

Learning Non-Intrusive Data-Driven Reduced
Models for Design Optimization of Rotating Deto-
nation Engines

The design optimization of rotating detonation engines is a
formidably challenging task for a number of reasons. First,
a single high-fidelity simulation can require up to millions
of core hours even on massively parallel supercomputers,
thus restricting the total number of possible simulations to
only a handful. In addition, the optimization procedure
usually depends on a large number of design parameters
which makes it computationally prohibitive. To address
these challenges, we (i) split the computational domain
into separate components (injectors, combustion chamber
and nozzle), (ii) construct a reduced model for the criti-
cal component, i.e., the combustion chamber and (iii) use
simplified models for the remaining two components. To
construct reduced models for the combustion chamber, we
employ scientific machine learning and enhance scientific
machine learning-based procedures with a simple yet pow-
erful preprocessing step that leads to more accurate and

predictive reduced models. We test the proposed approach
in a complex and realistic rotating detonation engine sce-
nario with more than 22 million degrees of freedom and
show that a low cardinality training set is sufficient to con-
struct a predictive reduced-order model.
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MS143

Adversarial Attacks on the Uncertainty Neural
Network Interatomic Potentials for Active Learn-
ing

Neural networks (NNs) have proven extremely effective in-
terpolators in the physical sciences. In particular, NN in-
teratomic potentials can be trained to replicate the map-
ping of atomistic structure to energy (the so-called Po-
tential Energy Surface) of expensive quantum mechanical
methods. While they reduce the computational cost by or-
ders of magnitude, NN potentials are brittle and struggle to
generalize to points outside the training data (rare events)
that maybe be visited when they are deployed in simula-
tions. Here, we will describe how uncertainty quantifica-
tion methods based on NN ensembles and on customized
loss functions, including mean-variance estimation or evi-
dential learning, enable gradient-based active learning to
systematically improve NN potentials. Because the uncer-
tainty metrics are differentiable end-to-end with respect to
model inputs, it is possible to distort input atomic positions
towards regions of high thermodynamic likelihood (low en-
ergy) and high uncertainty, so they can be labeled with new
quantum chemical simulations. These adversarial attacks
on uncertainty allow exploring the ”phase space” of uncer-
tainty much more efficiently than traditional approaches
and the training of accurate and generalizable surrogate
functions.
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MS143

Particle-Based Methods for Inference and Real-
Time Control of Dynamical Material Systems

Autonomous materials research platforms offer the oppor-
tunity to accelerate the discovery and design of new ma-
terials through optimal, closed-loop decision-making that
strategically explores a priori unknown spaces of materials
synthesis and processing recipes. In addition, newer plat-
forms perform in-situ characterization and dynamical tun-
ing of growth conditions, allowing an autonomous agent
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to query the material system more actively, utilize and
learn governing dynamical laws, and drive the evolution
towards target states. Therefore, such platforms pose in-
teresting problems in physics-based, real-time control and
inference, above more traditional perspectives that view
the system as a black box with fixed control parameters.
This talk presents particle-based, Bayesian methods and
episodic reinforcement learning policies to drive material
systems in real-time under uncertainty while inferring effec-
tive dynamics and hidden state variables. We will present
these methods applied to two problems: driving chemical
reactions, and block copolymer self-assembly.
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Buffalo University
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Rank Based Estimator for Sobol Indices

In this talk, we will discuss our recent results on the Chat-
terjee estimator of the first order Sobol’ index. This esti-
mator is based on the pick-freeze method but uses only one
sample. We will explain how it is possible to show a CLT
for this estimator.
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MS145

Parameter Subset Selection for a Mathematical
Model of Antibody Therapies for Neurological Dis-
eases

A significant challenge in the development of drugs to
treat central nervous system (CNS) disorders is to attain
sufficient delivery of antibodies across blood-brain bar-
riers (BBB). Since not all antibodies can pass through
BBB, it is crucial to understand antibody exposure in the
CNS quantitatively to construct drug characteristics and
identify proper dosing regimens. We focus on a minimal
physiologically-based pharmacokinetic (mPBPK) model of
the brain for antibody therapeutics, which was developed
by Bloomingdale, Bakshi, Maass, et al. (2021). This model
is the reduced form of an existing multi-species platform
brain PBPK model. The original PBPK model consists
of 100 differential equations while the mPBPK model con-
tains 16 differential equations which improves the speed
of simulations. The model includes thirty one parame-
ters and their values are obtained from the original brain
PBPK model. In this presentation, we will discuss the
use of a sensitivity-based parameter subset selection algo-
rithm to determine those parameters which are identifiable
in the sense that they can be uniquely determined by data.
We illustrate this for ascending human doses. Issues to
be discussed include the computation of sensitivities us-
ing sensitivity equations and complex-step approximations

and local versus quasi-global analysis. We will also discuss
qualitative verification techniques as well as quantitative
techniques based on energy statistics.
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Sensitivity Analysis of a Model for Anti-PCSK9
tTherapy to Lower LDL Cholesterol

PCKS9 plays an important role in the bodys low density
lipoprotein cholesterol (LDLc) regulation, which greatly
impacts risk of hyperlipidemia and cardiovascular disease.
A quantitative systems pharmacology (QSP) model of pro-
duction and removal of cholesterol in an individual has
suggested that an anti-PCSK9 therapy may be an effec-
tive treatment of these diseases (Gadkar et al. 2014). Like
many QSP models, this model includes a number of pa-
rameters that are biological in nature. In practice, many
of those are calibrated and held constant in practice. Yet, a
full sensitivity analysis suggests the model is quite sensitive
to some of these parameters. We consider an active sub-
space technique that allows us to better control parameter
range selection and consider additional effects of combined
changes in parameter values. We will also show results
from a partial rank correlation coefficient analysis and de-
scribe how these methods can be used to guide Gaussian
process-based surrogate construction. Further, we will pro-
vide a comparison of parameter sensitivities under a variety
of potential dosing regimens and discuss the suggested ef-
ficacy of these regimens at reducing the steady-state levels
of LDLc.
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MS145

Identifying Therapeutic Targets for Atopic Der-
matitis (AD) Using Sensitivity Analysis (SA)

AD is an inflammatory skin disease with a worldwide
prevalence of 525% (Deckers IA et al. PLoS One
2012;7:e39803). AD pathogenesis involves epidermal bar-
rier abnormalities, loss of topical, symbiotic microflora, and
immunological dysregulations characterized by immune ac-
tivation and inflammatory cytokine production. Several
therapies have been developed to alleviate AD flare-ups.
Our objective was to perform SA on an existing AD math-
ematical systems model to identify influential parameters
of AD disease pathogenesis, and thus druggable targets.
The previously-developed model described AD pathogen-
esis with 14 equations and 51 parameters, incorporating
skin barrier integrity, infiltrated pathogens, cytokines, and
T cells (Miyano T et al. Allergy 2021;00:1-13). The
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clinical endpoint, percent change in Eczema Area and
Severity Index score at 24 weeks (PIE24), is derived from
model-predicted skin permeability and infiltrated pathogen
scores. We performed SA on the AD model using a “one-
at-a-time” local SA and global SA (partial rank correlation
coefficients (PRCC) and the Morris method) in MATLAB
(v2021a) to ascertain parameters most influential of PIE24.
T cell elimination rate (|PRCC| :0.92), pathogen elimi-
nation via skin turnover (0.89), IL-13 elimination (0.89),
and näıve T cell differentiation into Th2 cells (0.85) were
most influential of PIE24. Future therapeutic development
should target these pathways to maximize impact on AD
disease pathogenesis and reduce AD flare-ups.
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MS145

Applications of Sensitivity Analysis on a QSP
Model of Bone Mineral Density Loss

Osteoporosis, caused by decreased bone mineral density
(BMD), results in increasing bone fractures, associated
mortality rates, and health-care costs. The screening and
development of osteoporosis treatments has relied heavily
on finding predictive biomarkers of BMD loss. Mathemat-
ical models incorporating multiple bone turnover markers
have been developed to predict BMD loss and related phys-
iological phenomena. However, due to high complexity
and variability, the key factors that cause BMD loss have
not yet been determined. Here, we performed both lo-
cal and global sensitivity analyses on a QSP bone model
[Hasegawa and Duffull, CPT:PSP, 2018] to identify the
most significant physiological factors that influence BMD
changes under denosumab treatment. For local sensitivity
analysis, we introduced a perturbation of 10% and 20% on
each parameter in the model and compared the changes
of model outcomes. We used partial rank correlation co-
efficient global sensitivity analysis to determine relation-
ships between the parameters and system outputs [Galla-
her et al., JTB, 2018]. Our analysis indicated that the os-
teoblast effect on BMD production and osteoclast effects on
BMD degradation were most significantly associated with
BMD changes. To summarize, we explored a QSP bone
model and evaluated model parameter influence on BMD.
Our work indicates potential targets for future osteoporosis
therapies.
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Accrue: Accurate and Reliable Uncertainty Esti-
mate in Deterministic Models

We focus on the problem of assigning uncertainties to
single-point predictions generated by a deterministic model
that outputs a continuous variable. This problem applies
to any state-of-the-art physics or engineering models that
have a computational cost that does not readily allow run-
ning ensembles and estimating the uncertainty associated
to single-point predictions. Essentially, we devise a method
to easily transform a deterministic prediction into a proba-
bilistic one. We show that for doing so, one has to compro-
mise between the accuracy and the reliability (calibration)
of such a probabilistic model. Hence, we introduce a cost
function that encodes their trade-off, and we call this new
method ACCRUE (ACCurate and Reliable Uncertainty
Estimate). We use the continuous rank probability score
to measure accuracy and we derive an analytic formula for
the reliability, in the case of forecasts of continuous scalar
variables expressed in terms of Gaussian distributions. The
new ACCRUE cost function is then used to estimate the
input-dependent variance, given a black-box oracle mean
function, by solving a two-objective optimization problem.
We show several examples both with synthetic data, where
the underlying hidden noise can accurately be recovered,
and with large real-world datasets.
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Learning Ensembles of Probabilistic Predictions for
Multiple-Days Ahead Geomagnetic Indices Fore-
cast

We present a new model for the probability that the Dis-
turbance storm time (Dst) index exceeds a certain thresh-
old, with a lead time between 1 and 3 days. Dst provides
essential information about the strength of the ring cur-
rent around the Earth caused by the protons and electrons
from the solar wind, and it is routinely used as a proxy
for geomagnetic storms. The model is developed using an
ensemble of Convolutional Neural Networks (CNNs) that
are trained using SoHO images (MDI, EIT and LASCO).
The relationship between the SoHO images and the so-
lar wind has been investigated by many researchers, but
these studies have not explicitly considered using SoHO
images to predict the Dst index. This work presents a
novel methodology to train the individual models and to
learn the optimal ensemble weights iteratively, by using
a customized class-balanced mean square error (CB-MSE)
loss function tied to a least-squares (LS) based ensemble.
The proposed model can predict the probability that Dst ¡
-100nT 24 hours ahead with a True Skill Statistic (TSS) of
0.62 and Matthews Correlation Coefficient (MCC) of 0.37.
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The weighted TSS and MCC from Guastavino et al. (2021)
is 0.68 and 0.47, respectively. An additional validation
during non-Earth-directed CME periods is also conducted
which yields a good performance. Finally, tests performed
during different solar cycle periods are presented.
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MS146

Dynamic Data Driven Thermospheric Mass Den-
sity Forecasting with Quantified Uncertainties

The United States Space Surveillance Network is cur-
rently tracking more than 29,000 resident space objects
(RSOs). 57% of these RSOs lie in the low Earth Orbit
(LEO) regime. These LEO RSOs are strongly perturbed
by the Earths upper atmosphere. Determining and predict-
ing the orbit of these RSOs require accurate estimates of
the local thermospheric mass density. The thermospheric
mass density is highly dynamic and strongly driven by so-
lar and geomagnetic activity. Traditionally, the thermo-
spheric mass density is estimated using empirical models or
physics-based models. Empirical models can provide fast
predictions; however, they have limited accuracy. Mean-
while, physics-based models have good forecasting capabil-
ities but are computationally expensive and require par-
allel resources for real-time evaluation. In this work, a
data-driven dynamic reduced order thermospheric density
model is developed to improve the forecasting capability
while keeping computational complexity low. The dynamic
nature of the model allows the current mass density field to
evolve in time based on the evolution of space weather in-
dices as well as assimilating external measurement sources
such as GPS data, satellite range, and two-line element set
(TLE). A data-driven reduced-order model is used to ap-
proximate the high dimensional thermospheric mass den-
sity field while preserving the essential behavior and domi-
nant effects of the thermospheric mass density field to keep
the computational requirement low.
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Solution Verification of a Controlled Flow

We present error estimation for a feedback flow control
problem, where the control is applied at the boundary. In
particular, we predict the transport of the errors contained
in the boundary conditions throughout the computational
domain as well as the discretization error associated with
the finite element approximation used for the simulation.
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Verification of Anomalous Wave Solutions in Vis-
cous and Inviscid Non-Ideal Gases

We verify one- and two-dimensional anomalous wave solu-
tions in inviscid and viscous van der Waals gases. The
anomalous waves considered include rarefaction shock
waves and isentropic compression fans. These unusual
waves will be shown to satisfy the second law of thermo-
dynamics. An exact solution for an inviscid shock tube
with a van der Waals equation of state will be presented
and used for comparison with numerical solutions. Error
convergence for numerical simulations of inviscid and vis-
cous shock tube problems will be shown. Inviscid sim-
ulations are performed with a third order Runge-Kutta
method in time and a fifth order Mapped Weighted Es-
sentially Non-Oscillatory (WENO5M) discretization with
global Lax-Friedrichs flux splitting in space. Viscous sim-
ulations are performed with a first order forward differ-
ence in time and a second order central difference in space.
This simple method is sufficient to capture thin anomalous
waves on a fine grid. The numerical solution is verified by
comparison to an exact viscous solution.
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MS148

An Information Field Theory Interpretation of
Physics-Informed Neural Networks

The objective of this work is to automate the discovery
of a systems Lagrangian from data. We represent the La-
grangian density, a functional of the systems state variables
and its spatial/temporal derivatives of all orders, using a
deep neural network (DNN). The systems state variables,
all vector/tensor functions of space and time, are also rep-
resented by DNNs. The true physical state is connected
to the Lagrangian via the principle of least action, i.e., the
true state is a stationary point of the spatio-temporal inte-
gral of the Lagrangian density with fixed initial and final
conditions. Inspired by Information Field Theory, we re-
cast the principle of least action in a relaxed probabilistic
fashion and use a likelihood function to connect the systems
state to the observed data. We characterize the posterior
over the parameters of the Lagrangian DNN using vari-
ational Bayes. This posterior captures the epistemic un-
certainty about the Lagrangian (model-form uncertainty)
induced by the limited/noisy data.
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MS148

Calibration of Physics Informed Computer Models
with Functional Inputs

Bayesian calibration of a functional input to a time-
consuming simulator based on a Gaussian process (GP)
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emulator involves two challenges that distinguish it from
other parameter calibration problems. First, one needs to
specify a flexible stochastic process prior for the input, and
represent it with a tractable number of random variables.
Second, a sequential experiment design criterion that re-
duces the effect of emulator prediction uncertainty on cal-
ibration results is needed and the criterion should be scal-
able for high-dimensional input and output. In this re-
search, we will introduce a new method to address these
two issues. For the first issue, we employ a GP with a prior
density for the correlation parameter as prior for the func-
tional input, and the Karhunen-Love expansion of this non-
Gaussian stochastic process to reduce its dimension. We
show that this prior gives substantially more robust infer-
ence results than a GP with a fixed correlation parameter.
For the second issue, we propose the weighted prediction
variance criterion (with posterior density of the functional
input as weight) and prove the consistency of the sequence
of emulator-based likelihoods obtained with the criterion.
The proposed approach is illustrated with examples on es-
timation of hydraulic transmissivity in groundwater flow.
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MS148

Parametric Machine Learning Surrogates for Grav-
itational Wave Signals

Gravitational wave astronomy is the field concerned with
learning features of the universe through observation and
analysis of gravitational waves. Observatories capable of
detecting these extremely weak signals have only existed
for a few years, and there is currently a great need for
accurate, fast, and versatile models in order to analyze
the observed signals. Numerical solvers for the Einstein
Field Equations are extremely computationally expensive
and difficult to develop, so a broad array of surrogate mod-
els, based mostly on physical approximations, has been
developed to make analysis of the signals tractable. In
this work, we build on recent developments in using neu-
ral networks to learn the morphology of a signal generated
by more expensive gravitational wave models. We extend
these models to be accurate over a desired prior distribu-
tion of source parameters, so that they can be used in the
context of solving a Bayesian inverse problem, which is the
key objective of gravitational wave analysis.
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MS148

Model-Based Techniques for Radiation Source Lo-
calization in an Urban Environment

This presentation will focus on techniques to localize a ra-
diation source in an urban environment. This problem is
made challenging by the highly variable nature of build-
ings, the fact that vehicles may block detector paths, the
presence of background radiation due to granite structures,
and time-dependent changes in background radiation due
to weather. Moreover, high-fidelity simulation codes are
typically too computationally complex to permit real-time
source localization. To address these issues, we will discuss
the construction of surrogate models, which incorporate
fundamental physics but run in fractions of a second. We
will also discuss the use of Bayesian statistical algorithms
to infer uncertainties associated with source locations and
intensities. A final component of the presentation will focus
on strategies to employ moving detectors, such as drones,
to improve search capabilities.
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The UQTk C++/Python Toolkit for Uncertainty
Quantification: Overview and Applications

The UQ Toolkit (UQTk) is a collection of libraries, tools
and apps for the quantification of uncertainty in numer-
ical model predictions. As one of the software tools of-
fered by the DOE SciDAC FASTMath Institute, UQTk
offers intrusive and non-intrusive methods for forward un-
certainty propagation, tools for sensitivity analysis, sparse
surrogate construction, low-rank-tensor approximations,
Bayesian inference via various flavors of MCMC, model
error assessment, as well as several other capabilities. The
core libraries are implemented in C++ but a Python in-
terface is available for easy prototyping and incorporation
in UQ workflows. The talk will give an overview of UQTk
capabilities and illustrate its application to representative
scientific workflows.
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OpenTURNS and Persalys: Open-Source Software
for Advanced Uncertainty Quantification

Available both as a C++ and a Python library, Open-
TURNS provides state-of-the-art tools for uncertainty
propagation relying on probabilistic methods. Developed
by a partnership of five industrial companies and institu-
tions (EDF, Airbus, ONERA, Phimeca and IMACS), it
evolves based on feedback from both engineers and research
engineers. UQ algorithms related to central dispersion,
probability of exceedance, reliability analysis, sensitivity
analysis, surrogate models, functional modeling, calibra-
tion are efficiently implemented. Connecting a new sim-
ulator to OpenTURNS is easy thanks to its wrapper ser-
vices. For users who do not want to deal with programming
interfaces, Persalys, developed by EDF and Phimeca, pro-
vides a graphical interface for many OpenTURNS services.
In this talk, we present the main Persalys features: cen-
tral dispersion analysis, global sensitivity analysis, thresh-
old probability estimate, calibration. We also present ad-
vanced Paraview-based graphical features, including the
plot matrix view and the parallel coordinate plot. Fea-
tures are available for data extracted from CSV files or
callable physical models (some of them can even be used
on physical models with time series output). Finally, we
show how Persalys into HPC contexts with limited input
from the user.
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Cossan Software: a Pathway Towards a Modular
and Portable Library Collection

Cossan software is a collaborative development aim at of-
fering advanced and recent algorithms for performing risk,
reliability, and uncertainty analysis of complex engineering
systems. The software includes a user-friendly frontend
known as COSSAN-X with associated tutorials and wiz-
ards designed to guide users through the different steps
of the analysis making this tool ideal for industry and
for training as well. The computational engine OpenCos-
san is released under the LGPL license and represents an
ideal environment for research and academics to access
the state-of-the-art algorithms for dealing with uncertainty.
Although the Cossan software has been programmed in
Matlab and Java using a modular approach it still a quite
big and complex software, for unfamiliar users. Dedicated
tools and libraries applications has been recently released
and available on cossan.co.uk. Examples are: SMARTool
for performing uncertainty quantification adopting Robust
Neural Networks coupled with Adaptive Bayesian Model
Selection, Bayesian and Credal Networks toolbox, Interval
Predictor Model and Virtual Human expert classificator.
Current work involves porting OpenCossan in Julia, im-
plementing a probabilistic programming language as a tool
to automate statistical inference problems and Probability
bounds analysis allowing models to be described and com-
posed using a simplified syntax and provides a representa-
tion of sets of distributions in structures called probability

boxes
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MS150

Interval and Fuzzy Physics-Informed Neural Net-
works for Uncertain Fields

Temporally and spatially dependent uncertain parame-
ters are regularly encountered in engineering applications.
Commonly these uncertainties are accounted for using ran-
dom fields and processes which require knowledge about
the appearing probability distributions functions which is
not readily available. In these cases non-probabilistic ap-
proaches such as interval analysis and fuzzy set theory
are helpful uncertainty measures. Partial differential equa-
tions involving fuzzy and interval fields are traditionally
solved using the finite element method where the input
fields are sampled using some basis function expansion
methods. This approach however is reliant on knowledge
about the spatial correlation fields. In this work we utilize
physics-informed neural networks (PINNs) to solve inter-
val and fuzzy partial differential equations. The resulting
network structures termed interval physics-informed neu-
ral networks (iPINNs) and fuzzy physics-informed neural
networks (fPINNs) show promising results for obtaining
bounded solutions of equations involving spatially and/or
temporally uncertain parameter fields. In contrast to fi-
nite element approaches no correlation length specification
of the input fields as well as no averaging via Monte-Carlo
simulations are necessary. In fact, information about the
input interval fields is obtained directly as a byproduct of
the presented solution scheme. Furthermore all major ad-
vantages of PINNs are retained and ease of inverse problem
set-up.
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Bayesian Nonlocal Operator Regression (BNOR):
Towards the Characterization of Uncertainty in
Heterogeneous Materials

We consider the problem of modeling heterogeneous ma-
terials where small-scale dynamics and interactions affect
the global behavior; these situations are ubiquitous in en-
gineering and scientific applications. The material’s mi-
crostructure, properties, interfacial conditions, and oper-
ating environments cause variability in the material’s re-
sponse; hence it is often non-practical, if not impossible,
to provide quantitative characterization for each sample.
The goal of this work is to develop a Bayesian frame-
work to characterize the uncertainty of material response
when using a nonlocal model to describe wave propaga-
tion through heterogeneous, disordered materials. Our ap-
proach is based on the nonlocal operator regression (NOR)
technique, and Bayesian inference. Specifically, we use a
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MCMC method to predict the probability distribution of
the nonlocal constitutive law that embeds the material’s
properties. As an application, we consider the wave propa-
gation problem in a heterogeneous bar with randomly gen-
erated microstructure layers. In particular, we apply the
proposed approach to model the stress wave propagation
and provide a characterization of the uncertainty in the
material microstructure. With several numerical tests, we
illustrate the effectiveness of our approach in predicting the
posterior distribution of the optimal nonlocal model.
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An Efficient Multiscale Surrogate for Brittle Frac-
ture Analysis

A critical component to the overall safety of structures is
the behavior of fractures in material. Existing practices
for fracture simulations employ deterministic approaches;
however as a result of the obligation to quantify risk in
regulatory decision-making, probabilistic approaches have
become ubiquitous. A prime example of a random input
is initial crack size, which is seldom accurately known and
has a strong influence on lifetime. Crack initiation involves
complex mechanisms of interatomic cohesion, mobility and
interactions, which is driven by material parameters and of-
ten needs to be considered uncertain. Therefore, we need
a direct representation of uncertainties using efficient ap-
proximating models and distributed inputs. Considering
the high complexity of simulation techniques, efficiency is
a difficult issue to address when parametric uncertainty is
accounted. The aim of this work is to develop a DeepONet
based surrogate model for mapping the fracture toughness,
applied stress, flaw size, and component geometry to the
failure path using probabilistic approaches. The Deep-
ONet based surrogate model will couple atomisticcontin-
uum multiscale materials to analyze the crack propagation.
The region near the crack tip is modeled using peridynam-
ics (PD), and the region away from the damaged zone will
be approximated as a continuum region.

Somdatta Goswami, Khemraj Shukla
Brown University
somdatta goswami@brown.edu,
khemraj shukla@brown.edu

Yue Yu
Department of Mathematics, Lehigh University
yuy214@lehigh.edu

George E. Karniadakis
Brown University

george karniadakis@brown.edu

MS150

An Asymptotically Compatible Probabilistic Collo-
cation Method for Randomly Heterogeneous Non-
local Problems

We consider nonlocal elliptic type problems in heteroge-
neous media with coefficients depending on finitely many
parameters. The parameters are realizations of random
variables which could come from a truncated Karhunen-
Loeve decomposition of a random field. Following the work
of Cohen, DeVore and Schwab (2011), we first show the
analytic regularity of the dependence of the solution on
the parameters in the coefficients. This leads to an alge-
braic or sub-exponential convergence rate in the parameter
space by using the Smolyak-type sparse grid probabilistic
collocation method. The spatial discretization of the non-
local problem is done with an asymptotically compatible
meshfree method which are robust under the change of a
nonlocal horizon parameter charactering the length of non-
locality. The efficiency of the method is demonstrated for
nonlocal diffusion and nonlocal mechanics problems.
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Computer Model Calibration with Time Series
Data Using Deep Learning and Quantile Regres-
sion

Computer models play a key role in many scientific and
engineering problems. One major source of uncertainty
in computer model experiment is input parameter uncer-
tainty. Computer model calibration is a formal statistical
procedure to infer input parameters by combining infor-
mation from model runs and observational data. The ex-
isting standard calibration framework suffers from inferen-
tial issues when the model output and observational data
are high-dimensional dependent data such as large time
series due to the difficulty in building an emulator and
the non-identifiability between effects from input parame-
ters and data-model discrepancy. To overcome these chal-
lenges we propose a new calibration framework based on
a deep neural network (DNN) with long-short term mem-
ory layers that directly emulates the inverse relationship
between the model output and input parameters. Adopt-
ing the ‘learning with noise’ idea we train our DNN model
to filter out the effects from data model discrepancy on
input parameter inference. We also formulate a new way
to construct interval predictions for DNN using quantile
regression to quantify the uncertainty in input parameter
estimates. Through a simulation study and real data appli-
cation with WRF-hydro model we show our approach can
yield accurate point estimates and well calibrated interval
estimates for input parameters.
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Reconstructing Turbulence with Deep Learning:
Uncertainty Quantification and Outlook

Gaining awareness of the state of fluid flow is important in
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controlling and analyzing turbulence. Achieving situational
awareness of turbulent phenomena is challenging due to the
rich nonlinear dynamics. We consider deep learning-based
turbulent flow field reconstruction from sparse sensors. We
first introduce the use of super-resolution analysis for re-
constructing turbulent flows. This analysis reconstructs
a high-resolution flow field from its low-resolution coun-
terpart. To reconstruct flows with an arbitrary number
of moving sensors, the Voronoi-tessellation projection for
input measurements is also considered. This approach sup-
ports machine learning models to overcome a major diffi-
culty with conventional methods in handling sparse sen-
sors that are in motion without constant model retraining.
We also assess uncertainties in data and model associated
with machine learning-based flow reconstruction. For data
uncertainty, we capitalize on probabilistic neural network
to effectively quantify the uncertainty of unseen data us-
ing mixture Gaussian distributions. In contrast, Gaussian
stochastic weight averaging is leveraged for model-form un-
certainty. These techniques successfully provide physically
interpretable confidence intervals while distinguishing the
source of uncertainty of deep-learning flow reconstruction.
We finally discuss the importance of data preparation with
physics-inspired data scaling for deep learning-based tur-
bulent flow analysis.
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High-Speed Simulation of Heart Valve Function
Using a Neural Network PDE Approach

Due to the natural variations in structures, the mechanical
behaviors of myocardium can vary dramatically within the
heart. Thus, to obtain the responses of the myocardium
with different realizations of structures, the resulting hy-
perelastic problem needs to be solved with spatially varying
parameters and in certain cases different boundary con-
ditions. To alleviate the associated computational costs
at the time of simulation, we have developed a neural
network-based direct PDE solution method. The result-
ing neural network was then trained in a physics-informed
approach by searching for θ that minimizes the poten-
tial energy of the hyperelastic problem on the training
dataset generated by sampling over the physiological range.
The present method is intended for the low data problem;

it does not require generating a large, labelled training
datasets, which are also computationally intractable. The
neural network model was trained with satisfactory conver-
gence, it can be used to give fast predictions of complex 3D
deformations in full kinematic space with population-based
fiber structures by forward passes in the neural network.
Due to their transfer learnability characteristics, the neural
network on subsequent specimens more quickly. Scaled up
for complete organ-level cardiac models to provide efficient
and robust computational models for to improve patient
outcomes in clinically relevant timeframes.
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Data-Driven Isogeometric Analysis for Quantifying
High-Dimensional Uncertainty of Nonlinear Sys-
tem

Quantifying the Multivariate/high-dimensional input and
output uncertainty that are omnipresent and have signif-
icant influence in particularly nonlinear system is quite
challenging and little to be investigated, as where tradi-
tional model-based computational simulators are generally
restricted. Therefore, this paper proposes a data-driven
full-field Emulator to quantify high-dimensional material
and load uncertainties in linear and nonlinear probabilis-
tic (mechanics) system. Firstly, we generate raw training
data, including the high-dimensional (material and load)
uncertainty input and their (high-dimensional) full-field
displacement output, by Monte Carlo simulator using iso-
gemetric analysis. Secondly, we freshly transfer the map
from raw uncertain parameters to full-field displacement,
to the map from the reduced basis coefficients of input to
the ones of output. Thirdly, a machine learning Emulator,
from the viewpoint of Bayesian statistics, is built by the
order-reduced data (reduced basis coefficients/features).
Consequently, we can directly and fast obtain the system
full-field solution to the newly given input using the built
Emulator. Several engineering examples, involving both
material and load uncertainties in both linear and nonlin-
ear system, illustrated the significant performance in accu-
racy and efficiency.
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An Efficient High-Order and Matrix-Free Isogeo-
metric Galerkin Method for KarhunenLove Expan-
sion

In recent work, the interpolation based quadrature of the
weak form of the eigenvalue problem corresponding to the
KarhunenLove expansion has been shown to perform re-
markably well for the smooth Gaussian covariance ker-
nel. In particular, the matrix-free isogeometric Galerkin
method with interpolation based quadrature outperforms
the matrix-free isogeometric collocation method in terms
of the computational cost and the accuracy of the solution.
The computational efficiency is achieved by leveraging ten-
sor product splines, tensor contraction and a kernel inter-
polation scheme tailored specifically to the weak form of
the eigenvalue problem. The computational cost of a single
iteration of the eigenvalue solver scales with N2, where N
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denotes the number of degrees of freedom in the interpola-
tion space. The cost is independent of the polynomial order
of the solution and the interpolation space and thus enables
high-order approximations. In order to solidify recent find-
ings, we explore the possibilities and the limitations of such
high-order approaches and extend previous benchmarks to
additional kernels. The study is accompanied by a novel
open-source computational framework, which in its core de-
sign supports development of fast isogeometric methods on
Cartesian grids and tensor-product spaces and implements
techniques such as sum-factorization based formation and
assembly.
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Isogeometric Analysis of Diffusion Problems on
Random Surfaces

We consider the numerical solution of diffusion equations
on random surfaces within the isogeometric framework.
Complex computational geometries, given only by surface
triangulations, are recast into the isogeometric context by
transforming them into quadrangulations and a subsequent
interpolation procedure. Moreover, we describe in detail,
how diffusion problems on random surfaces can be modeled
and how quantities of interest may be derived. In partic-
ular, we propose a low rank approximation algorithm for
the high-dimensional space-time correlation of the random
solution. Numerical studies are provided to quantify and
validate the approach.
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Deep Learning of Unknown Systems with Noisy
Data

Recently, a general framework has been developed for
learning the evolution operator or flow map of an unknown
time-dependent system from its trajectory data using deep
neural networks. This allows for the creation of a predic-
tive model for the system. Most works in this direction
have strictly used noiseless data in training, which is rare
in real applications. Therefore, in this talk we discuss the
modifications required to account for noisy training and
testing data within the existing framework. A variety of
numerical examples are considered to support our findings.
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Improving Efficiency of Deep Learning Approaches
for Scientific Machine Learning

Sparse reconstruction techniques from compressed sensing
have been successfully applied to many application areas,

including signal processing, inverse problems in imaging,
and approximation of solutions to parameterized partial
differential equations (PDE). Such approaches are capable
of exploiting the sparsity of the signal to achieve highly
accurate approximations with minimal sample complex-
ity. For problems whose solutions possess a great deal
of structure, their recovery properties can be further en-
hanced through a combination of carefully selected weight-
ing or structured sampling schemes. Recently connections
between compressed sensing and deep learning have been
explored, and the existence of deep neural network (DNN)
architectures which achieve the same sample complexity
and accuracy as compressed sensing on function approxi-
mation problems have been established. In this work, we
further explore these connections and sparse neural net-
work approximation in the context of high-dimensional pa-
rameterized PDE problems. We provide a full error analy-
sis for such problems, explicitly accounting for the errors of
best approximation (describing DNN expressibility), spa-
tial discretization of the PDE, and the algorithm used in
solving the underlying optimization problem. We comple-
ment our theoretical contributions with detailed numerical
experiments, demonstrating the potential for sparse neu-
ral network approximation in scientific machine learning
contexts.
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Level Set Learning with Pseudo-Reversible Neural
Networks for Nonlinear Dimension Reduction in
Function Approximation

Inspired by the Nonlinear Level set Learning (NLL)
method that uses the reversible residual network (RevNet),
in this paper we propose a new method of Dimension Re-
duction via Learning Level Sets (DRiLLS) for function ap-
proximation. Our method contains two major components:
one is the pseudo-reversible neural network (PRNN) mod-
ule that effectively transforms high-dimensional input vari-
ables to low-dimensional active variables, and the other is
the synthesized regression module for approximating func-
tion values based on the transformed data in the low-
dimensional space. The PRNN not only relaxes the invert-
ibility constraint of the nonlinear transformation present in
the NLL method due to the use of RevNet, but also adap-
tively weights the influence of each sample and controls the
sensitivity of the function to the learned active variables.
The synthesized regression uses Euclidean distance in the
input space to select neighboring samples, whose projec-
tions on the space of active variables are used to perform
local least-squares polynomial fitting. This helps to resolve
numerical oscillation issues present in traditional local and
global regressions. Extensive experimental results demon-
strate that our DRiLLS method outperforms both the NLL
and Active Subspace methods, especially when the target
function possesses critical points in the interior of its input
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domain.
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Coherent Risk Assessment for Nonlinear Struc-
tural Analysis via Reduced-Order Models

Quantifying and accounting for risk in engineering design
is a mission-critical task. Coherent risk measures satisfy
mathematical axioms that make them advantageous for
optimization, and also provide quantitative advantages as
they take into account the magnitude of failure of a system.
Coherent risk therefore measures an average of high-loss
scenarios, and this tail integral is challenging to compute,
especially for nonlinear dynamical systems. In this work,
we present a multifidelity approach to coherent risk mea-
sure estimation, using error estimates to drive the reduced-
order model construction. We illustrate our results on a
nonlinear structural response analysis.
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Non-Intrusive Surrogate Modeling of Parametric
Frequency Response Problems with Applications
in Forward UQ

Numerical methods for time-harmonic wave propagation
phenomena are often computationally intensive, expecially
in mid- and high-frequency regimes, thus making a di-
rect frequency response analysis prohibitively expensive.
In this framework, model order reduction (MOR) methods
are very promising: starting from few expensive solves of
the problem, they can provide a reliable approximation of
the frequency response of the system, very cheap to eval-
uate in a whole range of frequencies. In this talk, we de-
scribe an MOR approach for parametric frequency response
problems, where the high-fidelity problem models not only
the impact of the frequency on the system response, but
also that of additional design and/or uncertain parameters.

Our proposed method relies on minimal rational interpo-
lation for the surrogate modeling of the frequency depen-
dence, for few fixed values of the parameters. Then, the
different surrogates are combined to obtain a global ap-
proximation with respect to both frequency and parame-
ters. Our approach is non-intrusive, i.e., we do not require
access to the matrices/operators defining the underlying
high-fidelity problem, and allows for an adaptive selection
of the sampled frequencies and parameters. Numerical ex-
amples in electrical circuit modeling and elasto-dynamics
are also included, providing evidence of the approximation
quality and computational efficiency of the surrogate model
obtained with the proposed technique.
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Stabilized Reduced Order Methods for Transport
Control Problems with Random Inputs

This talk focuses on weighted reduced order methods
(w-ROMs) for parametrized advection-dominated Optimal
Control Problems (OCP(μ)s) governed by stochastic Par-
tial Differential Equations. This framework is a power-
ful tool to reliably fill the gap between the model and
an observed solution. Studying such a complicated frame-
work might face two issues: (I) the numerical instabilities
due to the advection-dominated context, (II) the compu-
tational costs needed for statistical analysis. We tackle
them through stabilized offline-online w-ROMs. They ex-
ploit the probability distribution of the parameters and
the stabilized simulations to build a reduced space where
faster (and stabilized) simulations are performed. [L. Ven-
turi, D. Torlo, F. Ballarin, and G. Rozza, Weighted Re-
duced Order Methods for Parametrized Partial Differential
Equations with Random Inputs. Uncertainty Modeling for
Engineering Applications, F. Canavero (ed.), Springer In-
ternational Publishing, pp. 2740, 2019] [D. Torlo, F. Bal-
larin, and G. Rozza, Stabilized Weighted Reduced Basis
Methods for Parametrized Advection Dominated Problems
with Random Inputs. SIAM/ASA Journal on Uncertainty
Quantification, 6(4), pp. 1475-1502, 2018]. The method-
ology is validated employing several numerical test cases
in the steady and time-dependent framework [F. Zoccolan,
M. Strazzullo and G. Rozza. Stabilized Reduced Order
Methods for Advection-Diffusion Optimal Control Prob-
lems with random inputs. In preparation, 2021].
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Convolutional Autoencoders for Reduced Order
Modeling

In the construction of reduced-order models for dynamical
systems, linear projection methods, such as proper orthog-
onal decompositions, are commonly employed. However,
for many dynamical systems, the lower dimensional rep-
resentation of the state space can most accurately be de-
scribed by a nonlinear manifold. Previous research has
shown that deep learning can provide an efficient method
for performing nonlinear dimension reduction, though they
are dependent on the availability of training data and are
often problem-specific (see Lee and Carlberg, 2020). Here,
we utilize randomized training data to create and train con-
volutional autoencoders that perform nonlinear dimension
reduction for the wave and Kuramoto-Shivasinsky equa-
tions. Moreover, we present training methods that are in-
dependent of full-order model samples and use the manifold
least-squares Petrov-Galerkin projection method to define
a reduced-order model for the heat, wave, and Kuramoto-
Shivasinsky equations using the same autoencoder.
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MS155

ACE: Atomic Cluster Expansion

The traditional multi-scale modelling tools, such as den-
sitity functional theory, empirical interatomic potentials,
and various coupling and coarse-graining schemes have
largely proven inadequate in adressing the need of com-
putational materials and molecular modelling to bridge
the scales from electronic structure to the meso-scale.
Machine-learned interatomic potentials (MLIPs) provide
maybe the first realistic scheme to bridge this gap. In this
talk I will review a specific MLIP model, the Atomic Clus-
ter Expansion (ACE), explain how it is ideally suited for a
systematic approach to ”learning” interatomic potentials.
I will then outline our current efforts in integrating our
ACE with statistical (Bayesian) modelling approaches.
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Uncertainty-Quantification-Driven Calculation of

Long-Time Properties from Atomistic Simulations

A common way of representing the long-time dynamics of
materials is in terms of a Markov chain over metastable
states. This chain can either be used to generate trajecto-
ries using kinetic Monte Carlo, or analyzed directly, e.g., in
terms of first passage times between distant states. While
a number of approaches have been proposed to infer such a
representation from direct molecular dynamics (MD) sim-
ulations, challenges remain. For example, chains inferred
from a finite amount of MD will in general be incomplete,
leading to uncertainties in the inferred quantities of inter-
est (QoI). We quantify the local completeness of the chain
in terms of Bayesian estimators of the yet unobserved rate,
and its global completeness in terms of the residence time
of trajectories within the explored subspace. This allows
ones to characterize the uncertainty on the measured QoI,
as well as to develop optimal sampling strategies to fur-
ther improve the accuracy of the target QoI at the smallest
computational cost. We illustrate our approach with ex-
amples from materials science, including the computation
of breakup times of defect clusters, as well as of transport
coefficients.
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HAL: Hyperactive Bayesian Learning for Molecu-
lar Force Fields

We present a novel method for the efficient generation of
data sets of atomic configurations for the purpose of fit-
ting an atomistic force-field model. The method combines
elements of active learning and adaptive biasing, and is
formulated in a Bayesian framework. We explain the un-
derlying ideas for the design of the method in the context
of a simple synthetic toy problem. We demonstrate the
practical applicability of the method in real data exam-
ples, and show dramatic performance gain in the assembly
of relevant data sets in material science applications.
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Quantification and Propagation of Uncertainties
in Machine Learning Interatomic Potentials for
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Molecular Dynamics

Molecular dynamics (MD) simulations are often done us-
ing machine-learned interatomic potentials (MLIAPs) that
are constructed from empirical and physical considerations,
and fitted to data available from expensive ab initio quan-
tum chemistry computations. These MLIAPs encapsulate
the functional relationship between atomic configuration
and potential energy of an atomic system, and are trained
in a supervised machine learning context. Uncertainty
quantification (UQ) for MLIAPs is useful for both training
data selection in an active learning context, and the se-
lection of MLIAP models of optimal complexity. Further-
more, MLIAPs equipped with UQ enable the propagation
of uncertainty through MD simulations, thereby providing
uncertainty estimates on MD simulation outputs. In this
talk, we will discuss our work on a range of UQ approaches
for MLIAPs and subsequent propagation of uncertainties
through MD simulations. This includes Bayesian inference
of MLIAP parameters via Markov chain Monte Carlo sam-
pling, as well as approximate versions including variational
inference and approximate Bayesian computation to help
in the handling of highly overparameterized MLIAPs, such
as those based on neural network forms. We will also ex-
plore ensemble methods such as query-by-committee, as a
means of extracting MLIAP predictive uncertainties. We
will demonstrate the results on material systems of inter-
est, driven by fusion energy science applications.
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Learning Optimal Power Flow Solutions for Low-
Carbon Power Grids

As power grids move towards integrating higher levels of
low-carbon renewable energy sources, levels of intermit-
tency and uncertainty in the power supply increase. Tradi-
tional methods of optimizing grid operations must adapt to
these faster dynamics in order to maintain system stability
and reliability. Recent advancements in machine learning
applied to learning optimal power flow (OPF) solutions for
grid dispatch, bypassing solving optimization problems di-
rectly, have shown great promise. However, many of these
techniques only consider “snapshot’ OPF solutions - ignor-
ing practical power system constraints such as generator
ramp limits and other intertemporal constraints. In this
talk, we discuss how recurrent neural networks (RNNs) can
be used to capture the time dependency of optimal genera-
tion dispatch solutions, incorporating constraints that span
across time steps to predict solutions to OPF problems
with high accuracy. The framework can provide grid op-
erators with a potential solution to optimizing large power
networks with complex constraints in near real-time as
more intermittent energy sources come online in the com-
ing decade.
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Predicting Power System Dynamics and Transients
Using Fourier Neural Operators

The dynamics of a power grid are governed by a large num-
ber of nonlinear ordinary differential equations (ODEs). To
safely operate the system, operators need to check that the
states described by this set of ODEs stay within prescribed
limits after various potential faults. But solving these
ODEs are very time-consuming using numerical solvers,
and machine learning approaches have been proposed to
reduce computational times. Existing learning methods
generally suffer from overfitting and failures to predict un-
stable behaviors. We present a framework for power system
dynamic simulation by learning in the frequency domain,
where the Fourier transform is across both time and the
buses in the network. This allows us to predict the dynamic
behavior of large systems with relatively small amount of
training data. The system topology and fault information
are encoded through a 3D Fourier transform. We show
that the proposed approach can speed up the computation
by orders of magnitude while also provide highly accurate
simulations for different fault types.
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Fast Covariance Parameter Estimation of Spatial
Gaussian Process Models Using Neural Networks

Gaussian processes are a popular model for spatially refer-
enced data and allow descriptive statements, predictions at
new locations, and simulation of new fields. Often, a few
parameters are sufficient to parameterize the covariance
function, and maximum likelihood (ML) methods can be
used to estimate these parameters from data. Maximiz-
ing the likelihood, however, is computationally demand-
ing. For example, in the case of local likelihood estimation,
even fitting covariance models on modest size windows can
overwhelm typical computational resources for data analy-
sis. This limitation motivates the idea of using deep neural
networks (DNNs) to approximate ML estimates. We train
DNNs to take moderate size spatial fields or variograms
as input and return the range and noise-to-signal covari-
ance parameters. Once trained, the DNNs provide esti-
mates with a similar accuracy compared to ML estimation
and at a speedup by a factor of 100 or more. Although
we focus on a specific covariance estimation problem mo-
tivated by a climate science application, this work can be
easily extended to other, more complex, spatial problems
and provides a proof-of-concept for this use of DNNs in
computational statistics.

Florian Gerber
University of Zurich
florxgerber@gmail.com

Douglas Nychka
National Center for Atmospheric Research



Conference on Uncertainty Quantification (UQ22)                                                    173172 UQ22 Abstracts

nychka@ucar.edu

MS156

Learning to Optimize for Wireless Communications

We discuss applications of modern optimization techniques
to new wireless communications tasks such as channel esti-
mation, hybrid precoding, and resource management, par-
ticularly to 5G scenarios. In this research area, techniques
such as ”deep unfolding” prove very popular to improve
the performance of communications systems as measured
by Signal to Noise Ratio (SNR) even at very low SNRs
(a regime of interest for 5G communications). Learning to
optimize seems to be a promising route in the quest to have
real-time processing in modern communication systems.
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Certifiable Risk-Based Engineering Design Opti-
mization Using Trust-Regions

Reliable, risk-averse design of complex engineering sys-
tems with optimized performance requires dealing with
uncertainties. A conventional approach is to add safety
margins to a design that was obtained from determinis-
tic optimization. Safer engineering designs require appro-
priate cost and constraint function definitions that cap-
ture the risk associated with unwanted system behavior
in the presence of uncertainties. The work proposes two
notions of certifiability. The first is based on accounting
for the magnitude of failure to ensure data-informed con-
servativeness. The second is the ability to provide opti-
mization convergence guarantees by preserving convexity.
Satisfying these notions leads to certifiable risk-based de-
sign optimization (CRiBDO). In the context of CRiBDO,
risk measures based on superquantile and buffered proba-
bility of failure are analyzed. CRiBDO is contrasted with
reliability-based design optimization (RBDO), where un-
certainties are accounted for via the probability of failure,
through a thermal design problem. The CRiBDO formu-
lations capture more information about the problem to as-
sign the appropriate conservativeness, exhibit superior op-
timization convergence by preserving properties of under-
lying functions, and alleviate the adverse effects of choosing
hard failure thresholds required in RBDO. The work fur-
ther shows a CRiBDO reformulation approach that leads to
convex risk-based design optimization using trust regions.
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Iterative Sampling Methods for Reinforcement
Learning

Reinforcement learning (RL) seeks to develop an optimal
policy through which an agent can interact with their envi-
ronment to maximize their cumulative reward. This policy
is generated under uncertainty - the agent explores with-
out knowledge of the best decisions in hopes of converging
to an optimal policy. This is one reason that learning an
optimal policy is challenging, especially when the policy
is given by a function approximator, which is critical for

high-dimensional problems. In this talk, we propose an
approach to make RL policy learning easier. We leverage
recently-developed iterative sampling approaches that use
past explorations to inform subsequent decisions and auto-
matically select appropriate hyperparameters to mitigate
poor decisions. We will support our method empirically
using some classic RL control examples.
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Propagation of Uncertainty in Operator Networks
for Partial Differential Equations

In this talk, we present a neural network training proce-
dure for solving time-dependent partial differential equa-
tions with an automated form of uncertainty quantifi-
cation. The light-weight uncertainty extension requires
minimal changes to the underlying network architecture,
and the resulting models are capable of providing real-
time predictions along with simultaneous uncertainty es-
timates to help identify potential inaccuracies in the net-
work predictions. We provide an analysis of several ar-
chitecture/training variations for propagating uncertainty
forward in the context of time-dependent problems, and as-
sess the quality of the uncertainty estimates based on the
empirical distributions of network errors observed on both
in-distribution and out-of-distribution validation data.
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Extreme Event Quantification for Fluid Systems:
Rogue Waves and Turbulence

A central problem in uncertainty quantification is how to
characterize the impact that our incomplete knowledge
about models has on the predictions we make from them.
It naturally lends itself to a probabilistic formulation, by
making the unknown model parameters random with given
statistics. This approach can be used in concert with tools
from large deviation theory (LDT) and optimal control to
estimate the probability that some observables in a dy-
namical system go above a large threshold after some time,
given the prior statistical information about the system’s
parameters and its initial conditions. We use it to quantify



174 Conference on Uncertainty Quantification (UQ22)UQ22 Abstracts 173

the likelihood of extreme surface elevation events for deep
sea waves, so-called rogue waves, and compare the results
to experimental measurements. We then explore how this
procedure generalizes to strongly coupled stochastic partial
differential equations as encountered in fluid dynamics.
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Adaptive Importance Sampling for Efficient
Stochastic Root Finding and Quantile Estimation

In solving simulation-based stochastic root-finding or op-
timization problems that involve rare events, such as in
extreme quantile estimation, running crude Monte Carlo
can be prohibitively inefficient. To address this issue, im-
portance sampling can be employed to drive down the sam-
pling error to a desirable level. However, selecting a good
importance sampler requires knowledge of the solution to
the problem at hand, which is the goal to begin with and
thus forms a circular challenge. We investigate the use
of adaptive importance sampling to untie this circularity.
Our procedure sequentially updates the importance sam-
pler to reach the optimal sampler and the optimal solu-
tion simultaneously, and can be embedded in both sample
average approximation and stochastic approximation-type
algorithms. Our theoretical analysis establishes strong con-
sistency and asymptotic normality of the resulting estima-
tors. We also demonstrate, via a minimax perspective, the
key role of using adaptivity in controlling asymptotic er-
rors. Finally, we illustrate the effectiveness of our approach
via numerical experiments.
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Using Large Deviation Theory and Bilevel Opti-
mization for Controlling Cascading Failures in the
Power Grid

Despite cascading failures being the central cause of
blackouts in power transmission systems, existing opera-
tional and planning decisions are made largely by ignoring
their underlying cascade potential. This paper posits a
reliability-aware AC Optimal Power Flow formulation that
seeks to design a dispatch point which has a low operator-
specified likelihood of triggering a cascade starting from
any single component outage. By exploiting a recently de-
veloped analytical model of the probability of component
failure, our Failure Probability-constrained ACOPF (FP-
ACOPF) utilizes the system’s expected first failure time
as a smoothly tunable and interpretable signature of cas-

cade risk. We use techniques from bilevel optimization and
numerical linear algebra to efficiently formulate and solve
the FP-ACOPF using off-the-shelf solvers. Extensive sim-
ulations on the IEEE 118-bus case show that, when com-
pared to the unconstrained and N-1 security-constrained
ACOPF, our probability-constrained dispatch points can
significantly lower the probabilities of long severe cascades
and of large demand losses, while incurring only minor in-
creases in total generation costs.
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LDT-Based Importance Sampling for Probability
Estimation of Extreme Events

We propose a method for estimating tail probabilities in
complex systems that depend on high-dimensional random
parameters. Our approach combines ideas from large de-
viation theory (LDT), optimization, dimension reduction
and importance sampling. Following the LDT approach,
we first compute the least unlikely point in the extreme
event set, which holds crucial information about the event
set probability. This point and its local derivative infor-
mation are used to find a low-dimensional subspace that
dominates the probability. This subspace is used in the
construction of the biasing probability for importance sam-
pling.
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Probabilistic Sensitivity with Optimal Transport

The theory of optimal transport and the use of Wasserstein
distances are attracting increasing attention in statistics
and machine learning. At the same time, the definition
of measures of statistical association for multivariate re-
sponses is topical research subject. This work examines
the construction of probabilistic sensitivity measures using
the theory of optimal transport. We obtain a new family
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of indicators that are global, well posed in the presence of
correlations and possess the zero-independence property.
Closed form expressions are derived for the family of el-
liptical distributions ans a connection between dependence
measures based on the Wasserstein-Bures approximation
and previously introduced generalized variance-based indi-
cators. For estimation, we employ a one-sample strategy
that keeps computational burden under control. We prove
the asymptotic consistency of the estimators. We test esti-
mators based on alternative algorithmic approaches devel-
oped in the machine learning literature for optimal trans-
port problems. Findings show that consistent estimates
are obtained at reasonable sample sizes and fast execution
times.
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Kernel-Based Anova Decomposition and Shapley
Effects-Application to Global Sensitivity Analysis

Global sensitivity analysis is the main quantitative tech-
nique for identifying the most influential input variables in
a numerical model. In particular when the inputs are inde-
pendent, Sobol sensitivity indices attribute a portion of the
output variance to each input and all possible interactions
in the model, thanks to a functional ANOVA decomposi-
tion. On the other hand, moment-independent sensitivity
indices focus on the impact of inputs on the whole output
distribution instead of the variance only, thus providing
complementary insight on the inputs/output relationship.
But they do not enjoy the nice decomposition property of
Sobol indices and are consequently harder to analyze. In
this talk, we introduce two moment-independent indices
based on kernel-embeddings of probability distributions
and show that the RKHS framework makes it possible to
exhibit a kernel-based ANOVA decomposition. This is the
first time such a desirable property is proved for sensitiv-
ity indices apart from Sobol ones. With dependent inputs,
we also use these new sensitivity indices as building blocks
to design kernel-embedding Shapley effects which general-
ize the traditional ones. Several estimation procedures are
discussed and illustrated on test cases with various output
types such as categorical variables and probability distri-
butions. All these examples show their potential for en-
hancing sensitivity analysis with a kernel viewpoint.
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Global Sensitivity Analysis of Models Described

by Hypoelliptic Systems of Stochastic Differential
Equations

Global sensitivity analysis aims to identify the parameters
whose uncertainty has the largest impact on the variability
of a quantity of interest (QoI). Here we consider models de-
scribed by Z = (X,Y ) solution of the following Stochastic
Differential Equation (SDE), whose coefficients depend on
some uncertainty parameter ξ = (ξ1, . . . , ξd) ∈ Rd

dXt = Ytdt and dYt = σ(ξ)dWt−(c(ξ,Xt, Yt)Yt+∇V (ξ,Xt))dt.

Under some conditions on the damping coefficient c and
the potential V the process is hypoelliptic and is ergodic
with a unique invariant probability measure μ(dxdy, ξ) =
p(x, y, ξ)dxdy. We aim at studying the influence of the ξi’s
on QoI defined from the density p(x, y, ξ) of μ(dxdy, ξ).
This density solves the stationary parametrized Fokker-
Planck Partial Differential Equation (FKPDE) involving
the adjoint of the generator of Z, with the constraint∫
p(x, y, ξ)dxdy = 1. Note that this FKPDE is hypoel-

liptic. Sensitivity analysis for models driven by SDEs were
presented, e.g., in [Le Matre and Knio 2015, Etor, Prieur
et al. 2020]. The main challenges of the present work
are to find a numerical method for solving the hypoelliptic
parametrized FKPDE (for this point we are inspired by
[Langtangen 1991]), and the specific nature of the quanti-
ties of interest for sensitivity analysis (that we handle using
indices proposed in [Da Veiga 2021]).
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Université Grenoble Alpes, France
pierre.etore@univ-grenoble-alpes.fr

Clémentine Prieur
Grenoble Alpes University
Jean Kunzmann Lab, INRIA project/team AIRSEA
clementine.prieur@univ-grenoble-alpes.fr

Joel Andrepont
Université Grenoble Alpes
joel.andrepont@grenoble-inp.org

MS159

Information Density in Global Sensitivity Analysis

In this work, we discuss the notation and graphical repre-
sentation of information density in simulation experiments.
The proposed tool complements uncertainty quantification
revealing the region of the support of an input where such
input becomes important. We formulate information den-
sity in such a way that the definition remains well-posed
for any sensitivity measure defined as the expected sepa-
ration between a marginal and a conditional distribution.
We discuss a one-sample estimation strategy that keeps the
computational burden under control for individuals as well
as joint analysis. The method is applied to the study of an
epidemic model developed for risk management within the
COVID-19 pandemic.
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France
xuefei.lu@skema.edu

Elmar Plischke
Clausthal Univeirsity of Technology
elmar.plischke@tu-clausthal.de

MS160

Bayesian Additive Regression Trees for Stochastic
Data-Driven RANS Turbulence Modelling

Turbulent flows are commonly encountered in engineer-
ing, where the only computationally tractable paradigm is
Reynolds-averaged Navier-Stokes (RANS). RANS requires
a closure to model the effect of turbulence on the mean-
flow, many of which perform poorly in common situations.
Recent data-driven derivations of RANS closures, use LES
data and machine-learning tools. These techniques allow
practitioners to generate custom closures for flows, pro-
vided reference data is available. However in these prob-
lems there are an extremely large number of parameters be-
ing estimated, and relatively thin data. Therefore there is
very likely a significant region of model-space that contains
viable models under the data. In this work, we explore
this space using Bayesian statistics. We consider a class of
closure models which predict the Reynolds anisotropy ten-
sor based on Bayesian Additive Regression Trees (BARTs).
We obtain a posterior probability density over models, and
therefore also meaningful model-uncertainty estimates on
RANS predictions of the mean-flow. We study a variety
of simple flows: square- and rectangular-ducts, backward-
facing steps and periodic-hills. The variance predictions
of BART are compared with (infinitesimal)-Jackknife vari-
ance estimates of existing tensor-basis random forest mod-
els, and the two methods broadly agree. The investiga-
tion demonstrates that the variance of data-driven closures
is extremely large, and should not be neglected in future
studies.

Richard P. Dwight
Delft University of Technology
r.p.dwight@tudelft.nl

MS160

Half-Spectral Covariance Models for Nonstation-
ary Spatio-Temporal Flows

Gaussian process (GP) models are ubiquitous in the study
of dependent processes. Particularly in the space-time set-
ting, however, it is challenging to specialize parametric
models for covariance structure to specific data and prob-
lem settings. As a result, many practitioners fall back
to very generic covariance functions or statistically sub-
optimal approximations such as low-rank covariance matri-
ces or separable covariance functions. These problems are
further exacerbated in the case of nonstationarity, which
will hold for most real-world processes. In this work, we
introduce a class of covariance functions that are easily spe-
cialized to accommodate a broad range of complex para-
metric forms while maintaining validity and expressiveness.
We demonstrate the value of such functions with an appli-
cation to very high-frequency Doppler LIDAR flow veloc-
ity measurements in the low atmosphere, directly modeling
and obtaining uncertainty estimates for physical quantities
such as the height of the atmospheric boundary layer.
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PDE Modeling of a Rising Bubble for Efficient Un-
certainty Quantification Computations

Uncertainty quantification computations may be pro-
hibitively expensive. Sampling a range of values of a spe-
cific parameter with an associated uncertainty leads to
solving augmented linear systems. Such systems can be
solved more efficiently by batching the operations and in-
voking block algebra algorithms. The underlying PDE
model used may yield, upon discretization, parameter de-
pendency either for matrices or right-hand sides. From
a computational efficiency perspective, it may be conve-
nient to recast the differential equation model to achieve
the highest computational performance. We will present
and analyze several options for computing the uncertainty
of surface tension for a rising bubble in Stokes flow.
The Stokes flow assumption, albeit restrictive, is valid
and widely used in micro-fluidics where the dimension of
the problem renders the Reynolds number infinitesimally
small. The goal of this work is to put forth the best sce-
narios for more accurate surface tension computations and
quantifying measurement uncertainties.
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Inference Design for the Uncertainty Quantifica-
tion of Extreme-Scale Fluid Dynamics Simulations

The quantification of uncertainties in modern compu-
tational fluid dynamics solvers poses significant compu-
tational challenges with individual simulations costing
100s of thousands of CPU or GPU hours. Approach-
ing such large simulation workflows with Bayesian Uncer-
tainty Quantification, Bayesian inference at its core, hence
requires the commitment of inordinate computational re-
sources to the inference routine. To enable such large rou-
tines we hence have to exploit inherent model hierarchies to
the fullest extent possible. To accelerate the sampling we
build on advances in fields adjacent to uncertainty quan-
tification, such as machine-learning based design, sequen-
tial decision making, and reinforcement learning to pose
our problem as the design of a Multifidelity inference rou-
tine with intelligent sampling agents at its core. The in-
tuition here is that the sampling agents learn the task-
and problem-structure in their attention-based policy net-
works, which can then later be fine-tuned to similar infer-
ence problems. In this work we present a machine-learning
based design approach to Bayesian Uncertainty Quantifi-
cation inference routines, which is based on a graph net-
work representation of the inference routine in combination
with a Transformer-based placement network to exploit the
available model hierarchies. The excessive training costs of
the learned inference routine are amortized across later in-
ference studies.

Ludger Paehler, Nikolaus Adams
Technical University of Munich
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Variance-Based Sensitivity Analysis for History
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Matching

Variance-Based Sensitivity Analysis is a method used to
apportion the sensitivity of the output of a numerical
model to small changes in its inputs individually and to-
gether. This allows one to see which input variables have
the most influence on the variability of the output. This
has its uses in history matching (i.e. calibrating the model
towards a set of output values by ruling out regions on in-
put space that don’t evaluate to those output values) as
knowing which variables have the most influence means
we focus our search on those variables. History matching
works by constructing an emulator from a set of design
points sampled within the space that is Not Ruled Out
Yet (NROY). Traditionally, sensitivity analysis is carried
out before the calibration but would be more efficient to
conduct sensitivity analysis at each wave. We explore how
sensitivity analysis can be conducted in these regions of
NROY space. We know very little about their shape. We
sample in parts of space with both a low implausibility
measure and low uncertainty as we know the emulator has
more confidence in those regions. We use these samples to
conduct sensitivity analysis which informs us of the most
and least influential variables. We use this knowledge to re-
configure the model for the emulator by treating variables
with negligible effect as noise. This reduces the dimen-
sionality of the emulator and thus makes history matching
easier to interpret.

Michael Dunne
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MS161

Efficient Calibration for Spatio-Temporal Models
Using Basis Methods

Calibration of expensive computer models can be ap-
proached via history matching. Many such models (e.g., in
climate, engineering) have high-dimensional spatial and/or
temporal outputs, all of which we may wish to predict
for unseen regions of parameter space, and compare to
real-world observations, rather than only considering sum-
maries of the output. We demonstrate how to history
match high-dimensional output fields efficiently and effec-
tively, with computational savings at both the emulation
and history matching stages, among other benefits given
by the basis approach, such as more physically-coherent
predictions. We consider its application to real-world ex-
amples, including for a non-connected target space and for
calibrating an environmental model, and consider how ex-
ploring model discrepancy (missing processes in the model)
fits into the framework.
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Approximate History Matching of Paleo Ice Sheet
Evolution: Issues, Lessons, and Outstanding Ques-
tions for the UQ Community

This presentation offers the perspective of a modeller and
lessons learned from two decades of trying to meaningfully
assess uncertainties in paleo ice sheet modelling on glacial
cycle (one hundred thousand year) time scales. As ice sheet
evolution is highly sensitive to the associated climate, the
potential phase space is large. Simulator parameter vec-
tor dimensions are order 50. Depending on the climate
representation, computationally-achievable ensemble sizes
with the full simulator can range from a few hundred to
over 10,000. As I’ll show, the latter enables adequate em-
ulation by Bayesian Artificial Neural Networks (BANNs)
for most critical scalar and some critical space-time depen-
dent quantities. A key feature is that the required product,
the complete space-time evolution of the ice sheet and/or
associated climate, cannot (to date) be adequately emu-
lated and must come from the full simulator. I will out-
line the physical and data context of paleo ice sheet mod-
elling and my current approach (and ongoing challenges)
to simulator calibration and state-space estimation. I will
share some communication strategies gleaned from discus-
sions with colleagues and from teaching graduate students
in the modelling field about uncertainty quantification. I
will also raise a number of methodological research ques-
tions, whose answers would significantly ease the adoption
and advancement of meaningful uncertainty quantification
in earth system modelling contexts.

Lev Tarasov
Memorial University of Newfoundland
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MS162

Data-Driven Modeling, Learning, Prediction, and
Optimization for Decision Making under Uncer-
tainty: Application to COVID-19

We propose an end-to-end computational framework for
data-driven learning and decision-making under uncer-
tainty. The framework consists of data-driven mathemat-
ical modeling, statistical learning, simulation-based pre-
diction, and stochastic optimization, all under various in-
evitable uncertainties due to imperfect or unknown infor-
mation, e.g., data noise, model inadequacy, parameter un-
certainty, stochastic environment. In particular, to address
the challenge of the curse of dimensionality in the learn-
ing by Bayesian inference and optimization with chance
constraint, often arising from heterogeneity in data, infer-
ence parameters, and optimization variables, and to facil-
itate a seamless process from data to decision making, we
propose to use a projected variational inference method
in a combination of the sample average approximation for
stochastic optimization. We apply the framework for op-
timal mitigation decision-making given corrupted data to
fight against COVID-19, accounting for the strong hetero-
geneity of severity and transmission inside and outside of
long-term care facilities.
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MS162

Graph Convolutional Neural Networks for Mi-
crostructure Homogenization with Quantified Un-
certainty

Data-driven models for materials with complex microstruc-
ture have surged in popularity in recent years due to their
ability to capture the structure-response relationship di-
rectly. Deep neural networks that act directly on the struc-
ture attain great accuracy in predicting stress-strain rela-
tions of the homogenized material. This accuracy comes
at the cost of high model complexity and expense of train-
ing, which makes uncertainty quantification increasingly
difficult. Gold standard methods like Hamiltonian Monte
Carlo perform slowly due to the high dimensional param-
eter space, while mean field variational inference can over-
predict model uncertainty due to missing correlations in
the parameters. In this work we explore the use of a novel
technique called Stein Variational Gradient Descent, which
can effectively represent posterior distributions with a lim-
ited number of samples. We demonstrate this approach
on a graph convolutional neural network for predicting the
stiffness of polycrystalline structures and compare the com-
putational efficiency and accuracy of the predictive distri-
butions against a Hamiltonian Monte Carlo approach. SNL
is managed and operated by NTESS under DOE NNSA
contract DE-NA0003525
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MS162

Bayesian Parameter Estimation from Sparse and
Noisy Measurement Data in Systems Biology

We propose a Bayesian parameter estimation framework
to facilitate model calibration and uncertainty analysis for
predictive models of biological systems. In general, the
available experimental data for these systems are sparse
and noisy and introduce uncertainties into the model.
Despite this, systems biologists often overlook rigorous
uncertainty quantification. We present a new modeling
paradigm that bridges the gap between standard practices
in systems biology and more thorough uncertainty quan-
tification. Our proposed method accounts for uncertainties
in the data by adapting an approximate marginal Markov
chain Monte Carlo (MCMC) method for Bayesian parame-
ter estimation. This method enables us to characterize the
parameter uncertainty and analyze the distribution of pos-
sible model outputs. We use this method to study the
effects of experimental assumptions on parameter infer-
ence for a model of a well-known biological system; the
mitogen-activated protein kinase signaling pathway. Our
work demonstrates uncertainty quantification in systems
biology and outlines the considerations and necessary steps

to apply this method to future modeling efforts.
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MS162

Post-Optimality Sensitivity of Model-Form Error
to Support Decision-Making with Reduced Order
Models

Model form error is an important source of uncertainty
when high-fidelity models are represented with surrogates
or reduced order models. In this work, we develop post-
optimality sensitivities of model-form error in the context
of an overarching decision goals (inversion, control, de-
sign). This reveals which errors are the most influential
to the optimization solution and can guide training and
use of the surrogates in decision-informed manner. A com-
putational bottleneck is addressed by exploiting Kronecker
product structure in the model error operator. The ap-
proach is demonstrated on non-trivial PDE-constrained op-
timization problems.

Bart G. Van Bloemen Waanders, Joseph Lee Hart
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MS163

Computer Using Deep Gaussian Processes to Em-
ulate Binary Black-Hole Mergers

Simulator models are used to explore physical systems
in many branches of science and engineering. Computer
model emulation is usually done when the simulator is ex-
pensive to run and a surrogate model, with uncertainty, is
desired. More and more, computer models are fast and a
large suite of simulator runs can be made available, but the
code is not readily accessible to scientists. In these cases,
an emulator is also used to stand in for the computer model.
This work was motivated by a simulator for the chirp mass
of binary black hole mergers where no output is observed
for large portions of the input space and more that one
million simulator evaluations are available. This poses a
problem insofar as the usual emulation approaches do not
accommodate the discontinuity when observing no chirp
mass. In these cases, we propose using deep Gaussian pro-
cess (GP) models. We explore the impact of the model
choices when setting up a deep GP on posterior inference
and apply the proposed approach to the real application.

Derek Bingham, Faezeh Yazdi
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MS163

BdryGP: a New Gaussian Process Model for Incor-
porating Boundary Information

Gaussian processes (GPs) are widely used as surrogate
models for emulating computer code, which simulate com-
plex physical phenomena. In many problems, additional
boundary information (i.e., the behavior of the phenomena
along input boundaries) is known beforehand, either from
governing physics or scientific knowledge. While there has
been recent work on incorporating boundary information
within GPs, such models do not provide theoretical insights
on improved convergence rates.To this end, we propose a
new GP model, called BdryGP, for incorporating boundary
information. We show that BdryGP not only has improved
convergence rates over existing GP models (which do not
incorporate boundaries), but is also more resistant to the
“curse-of-dimensionality’ in nonparametric regression. Our
proofs make use of a novel connection between GP inter-
polation and finite-element modeling.
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MS163

Linearly Constrained Gaussian Processes

In this talk we want to show that the combined use of
data-driven modelling and existing scientific knowledge can
be quite rewarding. We briefly illustrate this using con-
crete examples from physics, including modelling the am-
bient magnetic field, neutron diffraction experiments aim-
ing to reconstruct the strain field, and computed tomo-
graphic (CT) reconstruction. These are all concrete ex-
amples where physics provide us with linear operator con-
straints that needs to be fulfilled or alternatively measure-
ments constituted by line integrals. The reason for the
usefulness of the Gaussian process (GP) is that it offers a
probabilistic and non-parametric model of nonlinear func-
tions. When these properties are combined with basic ex-
isting scientific knowledge of the phenomenon under study
we have a useful mathematical tool capable of fusing exist-
ing knowledge with new measured data. We will show how
the GP can be adapted so that it obeys linear operator
constraints (including ODEs, PDEs and integrals), moti-
vated by the specific examples above. Towards the end we
will also show how this work can be extended to one spe-
cific instance of non-linearly constrained GPs, where the
constraints take the form of a sum over the outputs. These
developments open up for the use of basic scientific knowl-
edge within one of our classic machine learning models.

Niklas Wahlström, Carl Jidling, Philipp Pilar
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MS163

Gaussian Process Subspace Regression for Dimen-
sion Reduction of Computational Models

Subspace-valued functions arise in a wide range of problems
including parametric reduced order modeling (PROM). In
PROM, each parameter point can be associated with a
subspace, which is used for Petrov-Galerkin projections
of system matrices. Previous efforts to approximate such
functions use interpolations on manifolds, which can be
inaccurate and slow. We propose a novel Bayesian non-
parametric model for subspace prediction: the Gaussian
Process Subspace (GPS) model. This method is extrinsic
and intrinsic at the same time: with multivariate Gaus-
sian distributions on the Euclidean space, it induces a joint
probability model on the Grassmann manifold, the set of
fixed-dimensional subspaces. The GPS adopts a simple yet
general correlation structure, and a principled approach for
model selection. Its predictive distribution admits an ana-
lytical form, which allows for efficient subspace prediction
over the parameter space. For PROM, the GPS provides
a probabilistic prediction at a new parameter point that
retains the accuracy of local reduced models, at a com-
putational complexity that does not depend on system di-
mension, and thus is suitable for online computation. We
give four numerical examples to compare our method to
subspace interpolation, as well as two methods that inter-
polate local reduced models. Overall, GPS is the most data
efficient, more computationally efficient than subspace in-
terpolation, and gives smooth predictions with uncertainty
quantification.

Ruda Zhang, Simon Mak, David Dunson
Duke University
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Generating Random Field Using GAN for Stochas-
tic Simulations

Many stochastic simulations in material modeling involve
a random field that represents the property of the material
such as Youngs modulus. In existing studies, a conven-
tional way of constructing such random fields is to use a
Gaussian random field which typically assumes a homo-
geneous kernel function. A significant drawback of this
approach is that it does not exploit available data, e.g., a
few images from experiments or experts’ knowledge such
as known features of the material. We propose to use a
variant of generative adversarial network (GAN) to gener-
ate such random fields based on available data and known
(or desired) features. Unlike the conventional GAN which
requires a large amount of training data, this approach can
generate new samples using limited data. It can also gen-
erate 3D material structure based on 2D images scanned
at multiple layers.

Xiu Yang
Lehigh University
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Multiscale Coupling with Operator-Learning Neu-
ral Network

Multiscale modeling is an effective approach for studying
mechanics of solids when involving microsctructure and
strain localization which makes the computational cost of
high-fidelity, first-principle modeling in the global scale
prohibitively high. In multiscale modeling, microscopic
features are described by expensive, fine models and refined
discretization, whereas the system behavior in the region
far from the microstructure is emulated with a cheaper
coarse model. In this work, we develop a novel multiscale
framework by coupling a powerful operator-learning neu-
ral network, Deep Operator Network (DeepONet), as the
fine model with the finite-element method (FEM) as the
coarse model for solving static and dynamic problems. The
framework includes a offline training part, where a Deep-
ONet is trained to learn the hidden mechanism of the mi-
crostructure and serves as a surrogate model for this fine
model. With the trained DeepONet, multiscale problems
are solved in an online approach by coupling the FEM
as the coarse model and the DeepONet as the surrogate
fine model. Our method significantly reduces the com-
putational cost of multiscale problems thanks to the fast
prediction of trained DeepONet, which bypasses the needs
of explicitly involving the governing mechanisms upon the
online solution of multiscale problems. We demonstrate by
examples that our framework is flexible with the coupling
scheme: both overlapping and non-overlapping schemes are
compatible with our method.
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Pragmatic Stochastic Fractional PDEs and UQ

Holistic, pragmatic and predictive mathematical model-
ing is of great practical and theoretical importance. We
present a series of data-infused and generalized mathemati-
cal modeling, where the underlying physics and mathemat-
ical language meet each other at the expense of pragmatic
usability of data, in which data-errors, model-errors, and
simulations errors are regarded in an integrative fashion
parsimoniously
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Meta-Learning for Heterogeneous Materials: A

Provable Nonlocal Operator Regression Approach

In this talk, we propose a meta-learnt approach for learn-
ing mappings between function spaces (operators), Meta-
NOR, based on the nonlocal operator regression, to effi-
ciently provide accurate model surrogates for in new and
unknown PDE-learning tasks. The proposed provably
sample-efficient meta-learning algorithm uses a multi-task
nonlocal operator regression model in the kernel space,
which consists of two phases: (1) learning a common nonlo-
cal kernel representation from existing tasks; and (2) trans-
ferring the learned knowledge to rapidly learn surrogate
models for new tasks with different governing PDEs (such
as with different constitutive laws or material parameters),
where the governing PDEs could be possibly unknown and
only a few test samples are provided. Under the linear ker-
nel regression setting, a provable optimization-based ap-
proach is provided, with theoretically guaranteed transfer-
learning error bounds. We apply the proposed technique
to model the wave propagation within 1D meta-materials
with both periodic and random microstructures, showing
that the meta-learnt kernel representation would greatly
improve the sampling efficiency in new and unseen mi-
crostructures, compared to existing baselines.
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Learning Data Shifts in Spectroscopy via Struc-
tured Normalizing Flows

Since landing at Gale Crater in 2012, the ChemCam laser-
induced breakdown spectroscopy (LIBS) instrument on-
board the Mars rover Curiosity has obtained spectral mea-
surements of thousands of rock and soil analysis targets.
The compositions of the major elements may be predicted
using models trained on samples with known compositions
measured by a laboratory instrument under Mars-like at-
mospheric conditions. However, laboratory measurements
and rover measurements on identical sets of calibration tar-
gets still display some notable differences, prompting devel-
opment of an Earth-Mars correction. Currently, this cor-
rection is computed using the ratios of Mars and laboratory
spectra on a few of the calibration targets, but this calcu-
lation is sensitive to the small amount of data and may not
generalize well on new samples. In this work, we explore
the Earth-Mars spectral difference in a probabilistic frame-
work by investigating how the spectral probability densities
differ on Mars and Earth. On a structured latent space ob-
tained by standard dimension reduction methods, we con-
struct a composition operator with Normalizing Flows that
learns how the latent spaces for Mars spectral data and
Earth spectral data differ in distribution. We arrive at a
structured approach for learning spectral data shifts be-
tween Earth and Mars that leverages all of the available
measurements and provides a richer and potentially more
robust and interpretable Earth-Mars correction.
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A Bayesian Deep Learning Approach to Near-Term
Climate Prediction

The unparalleled availability of high-fidelity data from nu-
merical simulations and experimental measurements en-
ables the climate community to tackle complex classifica-
tion and regression tasks using deep neural networks. It is
critical to represent uncertainty since these deeply struc-
tured models are ultimately utilized to make decisions. The
current paper presents a Bayesian deep learning-based ap-
proach for estimating and forecasting sea surface temper-
ature, as well as for obtaining practical uncertainty esti-
mates in model projections. We investigated several deter-
ministic machine learning and deep learning techniques.
The findings demonstrate that Bayesian deep learning
models outperform deterministic deep learning models in
terms of predictive ability.
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An Uncertainty Quantification Enabled Semi-
Supervised Paired Neural Network for Few-Shot
Classification

In this work we introduce Bootstrapped Paired Neural Net-
works (BPNN), a semi-supervised, low-shot model with
uncertainty quantification (UQ). When collecting imaging
data, there is often large amounts of data which can be
costly to label, so we would like to supplement labeled
data with the vast unlabeled data (often > 90% of the
data) available. Exponential average adversarial training
uses unlabeled data with a combination of mean teacher
semi-supervised learning and adversarial examples as in
virtual adversarial training. Often, it is difficult and costly
to obtain the sample size necessary to train a deep learn-
ing model to a new class or target; using paired neural
networks (PNN), our model is generalized to low- and no-
shot learning by learning an embedding space for which
the underlying data population lives, this way additional
labeled data may not be necessary to detect for targets
or classes which weren’t originally trained on. Finally, by
bootstrapping the PNN, the BPNN model gives an un-

certainty score on predicted classifications with minimal
statistical distributional assumptions. The model’s abil-
ity to provide uncertainty for its own predictions can be
used to reduce false alarms rates, provide explainability to
black box models, and help design efficient future data col-
lection campaigns. Although models exist to contain two
of these three qualities, to our knowledge no model con-
tains all three: semi-supervised, low-shot, and uncertainty
quantification.
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Robust Convolutional Autoencoder in Learning
Missing Physics Between Multifidelity Models

Heat conduction simulation plays an important role in pre-
dicting solidification dynamics that determine microstruc-
ture properties of additively manufactured products. High-
fidelity heat conduction simulators, e.g., Truchas [?], can
capture many desired physics, but they are often too com-
putationally expensive to simulate the solidification dy-
namics of a printing process at a practical temporospa-
tial scale. In this work, we propose to formulate a model
approximation problem which can be solved by leverag-
ing blackbox optimization methods. The analytical model
with calibrated parameters enables a cost effective approx-
imation to the ground truth data produced by the high-
fidelity simulation model. To improve the calibration per-
formance, we leverage the analytical model with multiple
heat sources to increase the model complexity and flexibil-
ity enabling a better fit the high-fidelity model. Two black-
box optimization methods, i.e., Bayesian optimization and
directional Gaussian smoothing methods, are employed to
address the challenge that the gradient of the loss func-
tion is inaccessible during optimization. Our results show
that the single-beam analytical model has limitations in fit-
ting the high-fidelity model but the multi-beam analytical
model provides satisfactory approximations to the high-
fidelity temperature and melt pool fields.
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Optimal Regularization of Inverse Problems Using
Neural Networks

Emerging fields such as data analytics, machine learning,
and uncertainty quantification heavily rely on efficient com-
putational methods for solving inverse problems. With
growing model complexities and ever-increasing data vol-
umes, state-of-the-art inference method exceeded their lim-
its of applicability and novel methods are urgently needed.
In recent years new approaches for optimal experimental
design for inverse problems have been investigated. Opti-
mal experimental design for inverse problems require well
suited prior to obtaining meaningful solutions. In this talk,
we will discuss and utilize new optimal experimental design
frameworks for obtaining optimal priors, where priors are
designed for their experiments. We also discuss alternative
neural network learning techniques. In various numerical
experiments, such as medical tomography, we illustrate the
advantages and limitations of our methods.
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Goal-Oriented Optimal Experimental Design for
Nonlinear Models using MCMC

Optimal experimental design (OED) provides a systematic
approach to quantify and maximize the value of experi-
mental data. Under a Bayesian approach, conventional
OED maximizes the expected information gain (EIG) on
model parameters. However, we are often interested not
the parameters, but predictive quantities of interest (QoIs)
that depend on the parameters in a nonlinear manner.
We present a framework of goal-oriented optimal OED
(GOOED) to find the experimental design that provides
the greatest EIG on the QoIs. Not only does GOOED
avoid unnecessary shrinkage of parameter posterior in re-
gions that are unimportant to the QoIs, it also focuses
the computation on the posterior pushforward distribu-
tion that is generally lower dimensional than the parameter
space. In this work, we use a double-nested Monte Carlo
algorithm. In the outer loop, observations are first gener-
ated from the marginal likelihood. For each observation,
Markov chain Monte Carlo then draws samples from the
corresponding parameter posterior, which are then evalu-
ated in the prediction model to obtain QoI samples from
the posterior pushforward. Kernel density estimation is
then used to obtain the probability density of the poste-
rior pushforward, in order to compute the Kullback-Leibler
divergence information gain. We demonstrate the effective-
ness of nonlinear GOOED on a number of applications, and
illustrate the difference between optimal designs from con-
ventional OED versus GOOED.
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Optimal Experimental Design Using Data About
Bifurcation Points

The use of mathematical optimization and computerized
simulation to gain knowledge of a dynamical process is a
challenging task of modern sciences. To perform a simula-
tion and optimization of a dynamical process, a mathemat-
ical model is required which is assumed to be a sufficient
explanation of the underlying process. Usually the model
contains unknown natural quantities and one of the princi-
pal challenges is to adapt the model to the process behav-
ior using measurement data. In special case of chemical
or bio-chemical dynamical models there are often several
possibilities to measure the process behavior. If underlying

process shows temporal changes, it is obvious that an ob-
servation at an additional point in time delivers additional
information. If the underlying process possesses bi-stability
property, valuable information can be gained using mea-
surement data at the so called bifurcation points. Such
bifurcation points can be located experimentally studying
hysteretic curves. In this talk we discuss novel numerical
methods for parameter estimation for bi-stable dynamic
processes and design of optimal experiments to support
parameter estimation using measurement data from bifur-
cation points.
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MS168

Operator Inference for Non-Intrusive Model Re-
duction with Nonlinear Manifolds

Nearly all model-reduction techniques project the govern-
ing equations onto a linear subspace of the original state
space. Unfortunately, restricting the state to evolve in a
linear subspace does not always produce low-dimensional
reduced-order models (ROMs). To address this, we pro-
pose a novel framework for projecting dynamical systems
onto nonlinear manifolds using minimum-residual formu-
lations. We introduce a nonlinear mapping characterized
by a polynomial structure for our purpose of reduction.
Compared to learning approaches based on convolutional
autoencoders from deep learning, the proposed framework
does not require large amounts of training data or the cal-
ibration of hyperparameters. Instead, the nonlinear map-
ping can be constructed in a non-intrusive fashion using
regression methods and is driven by physics-based train-
ing data. The mapping can thus be inferred efficiently
using standard numerical solvers. The nonlinear manifolds
are then applied to the operator inference approach for
projection-based model reduction of complex PDE mod-
els. The potential of the proposed approach is investigated
in a numerical study, where several variations of the ap-
proach are compared on different examples, giving a clear
indication of where the proposed approach is applicable.

Rudy Geelen
Oden Institute for Computational Engineering and
Sciences
The University of Texas at Austin
rudy.geelen@austin.utexas.edu

MS168

Reduced Order Models for Risk-Averse Optimiza-
tion

This talk discusses the integration of reduced order models
(ROMs) into risk-averse optimization governed by partial
differential equation constraints with uncertain parame-
ters. Risk-averse optimization formulations use a risk mea-
sure to penalize high-cost, rare events, but are computa-
tionally difficult to solve as many risk measures such as the
Conditional Value-at-Risk (CVaR) or buffered probability
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of failure are non-smooth and require sampling in the tail of
a complex, unknown probability distribution that depends
on the optimization variables. ROMs are used to approxi-
mate the original quantity of interest, as well as to identify
samples in the tail of the unknown probability distribution
to generate biasing distributions for importance sampling.
In the optimization context it is important that key quan-
tities that need to be approximated for CVaR objective
function evaluations are also the key quantities arising in
gradient computations. We adapt optimization approaches
that can incorporate inexact function and gradient evalu-
ations to adapt the accuracy of the ROMs and sampling
throughout the optimization iterations.

Matthias Heinkenschloss
Department of Computational and Applied Mathematics
Rice University
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MS168

Transport-Based Offline/Online Approach for Se-
quential Bayesian Inference

In this work aims to address sequential Bayesian inference
problems where the objective is to characterize the poste-
rior distribution of some static parameters of a model each
time a set of new observations is available. The approach
developed relies on the extraction of conditional distribu-
tions (e.g., likelihood functions) from the joint prior dis-
tribution of parameters and data, via the estimation of
structured (e.g., block triangular) transport maps. Once
the estimation of such maps is found, closed forms of the
underlying likelihood functions can be extracted in order
to perform Bayesian inference. These computations are
performed in the offline phase as the knowledge of the ob-
servations is not required. Then, in the online phase new
maps are computed to characterize the posterior distribu-
tion defined as the product of the pre-computed surrogate
likelihood functions and the prior. This, allow model-free
computation in the online phase and makes Bayesian in-
ference in real time possible. As only simulations from the
model are required, this approach is also particularly well
suited when facing black-box models. The performance of
the method will be illustrated on different numerical ex-
amples.

Paul-Baptiste Rubio
MIT
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MS168

Context-Aware Learning of Stabilizing Controllers
from Data

Learning controllers from data is typically a two step pro-
cess. First, a model of the system is learned from data (sys-
tem identification). Then a controller is constructed based
on the learned model. However, learning a model first can
be expensive in terms of number of data points and training
costs. In this work, we demonstrate that stabilizing con-
trollers can be identified directly from data without learn-

ing models of the underlying systems first. In particular,
directly learning controllers requires fewer data points than
identifying models in certain situations. Numerical experi-
ments with science and engineering problems show that the
proposed approach learns stabilizing controllers even when
the classical learn-model-then-stabilize approach fails due
to too few data points.

Steffen W. R. Werner, Benjamin Peherstorfer
Courant Institute of Mathematical Sciences
New York University
steffen.werner@nyu.edu, pehersto@cims.nyu.edu

MS169

Machine Learning Models with Uncertainty Esti-
mation for Molecular Dynamics and Sampling

Machine-learning models have emerged as a very effective
strategy to sidestep time-consuming electronic-structure
calculations, enabling accurate simulations of greater size,
time scale, and complexity. Given the interpolative na-
ture of these models, the reliability of predictions depends
on the position in phase space, and it is crucial to obtain
an estimate of the error that derives from the finite num-
ber of reference structures included during model train-
ing. When using a machine-learning potential to sample a
finite-temperature ensemble, the uncertainty on individual
configurations translates into an error on thermodynamic
averages and leads to a loss of accuracy when the simula-
tion enters a previously unexplored region. I will discuss
how uncertainty quantification can be used, together with
a baseline energy model, or a more robust but less accurate
interatomic potential to obtain more resilient simulations
and to support active-learning strategies, and introduce an
on-the-fly reweighing scheme that makes it possible to esti-
mate the uncertainty in thermodynamic averages extracted
from long trajectories.

Michele Ceriotti
EPFL
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MS169

Finding and Filling ’Holes’ in ACE (Atomic Cluster
Expansion) Using Hyperactive Learning (HAL)

We present HAL which aims to find holes (regions of in-
stability) in ACE potentials by driving Molecular Dynam-
ics (MD) simulations towards regions of high uncertainty.
Using a Bayesian committee the relative force error is es-
timated during these biased MD simulations and is closely
monitored in order to find holes in the ACE potential.
By using this scheme iteratively it is shown that training
databases can efficiently be assembled reducing the num-
ber of DFT calculations required to determine macroscopic
properties such as alloy bulk/elastic constants and melting
temperatures.

Cas Van Der Oord
University of Cambridge
casv2@eng.cam.ac.uk

MS170

Solving Nonlinear Pdes with Gaussian Processes

In this talk I present a simple, rigorous, and interpretable
framework for solution of nonlinear PDEs based on the
framework of Gaussian Processes. The proposed approach
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provides a natural generalization of kernel methods to non-
linear PDEs; has guaranteed convergence; and inherits the
state-of-the-art computational complexity of linear solvers
for dense kernel matrices. I will outline our approach by
focusing on an example nonlinear elliptic PDE followed by
further numerical examples. I will also briefly comment on
extending our approach to solving inverse problems.

Bamdad Hosseini
California Institute of Technology
bamdadh@uw.edu

MS170

Learning Orbital Dynamics of Binary Black Hole
Systems from Gravitational Wave Measurements

We introduce a gravitational waveform inversion strat-
egy that discovers mechanical models of binary black hole
(BBH) systems. We show that only a single time series
of (possibly noisy) waveform data is necessary to con-
struct the equations of motion for a BBH system. Start-
ing with a class of universal differential equations param-
eterized by feed-forward neural networks, our strategy in-
volves the construction of a space of plausible mechanical
models and a physics-informed constrained optimization
within that space to minimize the waveform error. We ap-
ply our method to various BBH systems including extreme
and comparable mass ratio systems in eccentric and non-
eccentric orbits. We show the resulting differential equa-
tions apply to time durations longer than the training inter-
val, and relativistic effects, such as perihelion precession,
radiation reaction, and orbital plunge, are automatically
accounted for. The methods outlined here provide a new,
data-driven approach to studying the dynamics of binary
black hole systems.

Brendan Keith
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MS170

Rapid Emulation of Parametric PDEs via Self-
Supervised Learning with Deep Operator Networks

Design and optimal control problems are among the fun-
damental, ubiquitous tasks we face in science and engi-
neering. In both cases, we aim to represent and optimize
an unknown (black-box) function that associates a perfor-
mance/outcome to a set of controllable variables through
an experiment. In cases where the experimental dynamics
can be described by partial differential equations (PDEs),
such problems can be mathematically translated into PDE-
constrained optimization tasks, which quickly become in-
tractable as the number of control variables and the cost
of experiments increases. In this work we leverage physics-
informed deep operator networks (DeepONets) – a self-
supervised framework for learning the solution operator
of parametric PDEs – to build fast and differentiable sur-
rogates for rapidly solving PDE-constrained optimization
problems, even in the absence of any paired input-output

training data. The effectiveness of the proposed framework
will be demonstrated across different applications involv-
ing continuous functions as control or design variables, in-
cluding time-dependent optimal control of heat transfer,
and drag minimization of obstacles in Stokes flow. In all
cases, we observe that DeepONets can minimize infinite
dimensional cost functionals in a matter of seconds, yield-
ing a significant speed up compared to traditional PDE-
constrained optimization approaches that employ adjoint
solvers to optimize over finite-dimensional state-spaces.

Sifan Wang, Paris Perdikaris
University of Pennsylvania
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MS170

Neural Network Approximation of Analytic Func-
tions with Respect to Gaussian Measures

We prove expression rates for the approximation of ana-
lytic functions on Rd with ReLU neural networks. The
error is measured in the L2-norm with respect to the Gaus-
sian product probability measure. In the finite dimensional
case, exponential convergence rates are shown. In the infi-
nite dimensional case, under suitable smoothness and spar-
sity assumptions, we prove algebraic expression rates. As
an application we consider the approximation of response
surfaces of elliptic PDEs with log-Gaussian random field
inputs.

Jakob Zech
Heidelberg University
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MS171

Active Subspaces Without Gradients: Non-Linear
Ordered Design Manifolds for Deep Learning
Model Reduction in Design Optimization and UQ

We will describe some of our ongoing work for the De-
partment of Energy and National Institutes of Health on
recovering low-dimensional reduced-order models for per-
forming accelerated design optimization, robust optimiza-
tion, and UQ. The key idea lies in using machine-learned
generative models on a subset of optimal designs to re-
cover low dimensional representation when access to high
fidelity gradient-based solvers are not available, such that
approaches like traditional Active Subspaces are not vi-
able. We’ll present some pedagogical examples on known
test cases, where we can compare the spaces obtained from
design manifolds vs those found from competing methods.
Then we will demonstrate this on a few real-world test cases
we are using in ongoing work including robust optimization
applications in medical devices, aerodynamic surfaces, and
heat exchangers.

Mark Fuge
Maryland University
fuge@umd.edu

MS171

Automatic Differentiation for Stellarator Opti-
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mization

Stellarators are a class of toroidal fusion reactors which use
geometrically complex magnetic fields and current-carrying
coils to contain a high-temperature plasma in a stable mag-
netic equilibrium. Creating a high-performance stellarator
equilibrium has required the use of computational opti-
mization techniques. For example, the world-leading Wen-
delstein 7-X (W7X) stellarator experiment was completed
in 2015 but designed using computational optimization in
the 1990s. The W7X experiment has driven renewed in-
terest in the stellarator approach to magnetic fusion. This
interest has led to an explosion of theoretical advances into
the stellarator concept and renewed computational work on
stellarator optimization. In this talk, I discuss the use of
automatic differentiation (AD) in stellarator optimization.
I highlight my own work introducing AD to stellarator coil
design, and discuss follow-on work which has used AD in
the optimization of the magnetic equilibrium. Overall, I
argue that the stellarator optimization community would
benefit from the adoption of AD today in much the same
way the machine learning community has benefited from
the adoption of AD in the early 2010s.

Nick McGreivy
Princeton University
mcgreivy@princeton.edu

MS171

Bayesian Techniques for Particle Accelerator Mod-
eling and Control

Accelerators and other large experimental facilities are
complex, noisy systems that are difficult to characterize
and control efficiently. Bayesian statistical modeling tech-
niques are well suited to this task, as they minimize the
number of experimental measurements needed to create
robust models, by incorporating prior, but not necessarily
exact, information about the target system. Furthermore,
these models inherently consider noisy and/or uncertain
measurements and can react to time-varying systems. Here
we will describe several advanced methods for using these
models in accelerator characterization and optimization.
First, we describe a method for rapid, turn-key exploration
of input parameter spaces using little-to-no prior informa-
tion about the target system. Second, we highlight how
these models can take hysteresis effects into account and
create in-situ models of individual magnetic elements.
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MS172

Spatial Models with Boundary Constraints with
Application to Probabilistic Numerical Methods

Spatio-temporal evolution of environmental variables, from
the diffusion of a pollutant to the movement of animals, is
often understood implicitly as a function of their deriva-
tives. These models take the form of partial differen-

tial equations defined implicitly over a spatio-temporal do-
main with constraints applied at the boundary. Highly
structured discretization uncertainty for PDEs has recently
been modeled probabilistically via Bayesian error model-
ing. This talk will introduce a new model for discretization
uncertainty for partial differential equations and describe
related advances to nonparametric modeling of states on
bounded domains with known constraints.

Oksana A. Chkrebtii
The Ohio State University
oksana@stat.osu.edu

MS172

Parameter Estimation and Uncertainty Quantifi-
cation Using Dynamic Survival Analysis (DSA) of
Epidemiological Models

This talk will introduce the notion of dynamic survival
analysis (DSA). We show that solutions to ordinary/partial
differential equations (ODEs/PDEs) describing the large-
population limits of stochastic epidemic models can be in-
terpreted as survival or cumulative hazard functions when
analysing data on individuals sampled from the population.
We refer to the individual-level survival and hazard func-
tions derived from population-level equations as a survival
dynamical system (SDS). To illustrate how population-
level dynamics imply probability laws for individual-level
infection and recovery times that can be used for statisti-
cal inference and uncertainty quantification, we show nu-
merical examples based on synthetic data as well as the
COVID-19 and the Ebola outbreak data.

Wasiur Rahman Khuda Bukhsh
University of Nottingham
wasiur.rahman.kb@gmail.com

MS172

A Sequential Approach to Calibration of a Compu-
tationally Intensive Model

Calibration is the determination of the best parameter set-
tings for a simulator to predict futurewith well-quantified
uncertainties. In a general calibration process, one builds
a cheap emulator using data from the simulations, and
then performs calibration using different approaches such
as well-known Bayesian or optimization-based calibration
approaches. While an emulation-based calibration infer-
ence can be considered as a one-time process, a sequential
model calibration framework can result in correct and com-
putationally efficient inference for the calibration of com-
putationally challenging computer models. Our approach
sequentially updates the model calibration depending on
new surrogate-assisted points from simulations, and ter-
minates once it reaches to certain uncertainty level. To
illustrate this approach, we use surmise-a Python pack-
age that is designed to provide a surrogate model interface
for calibration, uncertainty quantification, and sensitivity
analysis. We test our approach and report our results on
a computationally expensive low-energy physics code for
coupled-channels calculations.

Ozge Surer
Northwestern University
ozgesurer2019@u.northwestern.edu

MS173

Reduced order models for Lagrangian hydrody-
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namics

As a mathematical model of high-speed flow and shock
wave propagation in a complex multimaterial setting,
Lagrangian hydrodynamics is characterized by moving
meshes, advection-dominated solutions, and moving shock
fronts with sharp gradients. These challenges hinder
the existing projection-based model reduction schemes
from being practical. We present several variations of
projection-based reduced order model techniques for La-
grangian hydrodynamics by introducing three different re-
duced bases for position, velocity, and energy fields, with a
time-windowing approach to address the challenge imposed
by the advection-dominated solutions. Lagrangian hydro-
dynamics is formulated as a nonlinear problem, which re-
quires a proper hyper-reduction technique. Therefore, we
present the over-sampling DEIM and SNS approaches to
reduce the complexity due to the nonlinear terms. Finally,
we also present both a posteriori and a priori error bounds
associated with our reduced order model, and the per-
formance comparison of the spatial and time-windowing
reduced order modeling approaches in terms of accuracy
and speed-up with respect to the corresponding full or-
der model for several numerical examples, namely Sedov
blast, Gresho vortices, Taylor-Green vortices, and triple-
point problems.
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MS173

AI for Materials Science: Tuning Laser-Induced
Graphene Production and Beyond

AI and machine learning have advanced the state of the art
in many application domains. We present an application
to materials science; in particular, we use surrogate models
with Bayesian optimization for automated parameter tun-
ing to optimize the fabrication of laser-induced graphene.
This process allows to create microscopic conductive lines
in thin layers of insulating material, enabling the devel-
opment of next-generation nano-circuits. We are able to
achieve improvements of up to a factor of two compared to
existing approaches in the literature and to what human
experts are able to achieve. Our implementation is based
on the open-source mlr and mlrMBO frameworks and can
be applied in many other contexts; we explore the gener-
ation of advanced materials based on the same framework
in a preliminary study.

Lars Kotthoff, Patrick Johnson, Hud Wahab, Vivek Jain,
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MS173

Autonomous Learning of Reduced-Order PDF

Equations

We consider systems whose dynamics can be described by
high-dimensional stochastic differential equations (SDEs).
Such equations admit a distribution of solutions (partially)
characterized by a single-point (in time) joint probabil-
ity density function (PDF) of system states that satis-
fies exactly a Fokker-Planck equation (FPE). Since high-
dimensional phase space usually renders the FPE computa-
tionally intractable, reduced-order PDF equations can be
used to quantify uncertainty for specific quantities of in-
terest. However, these reduced-order equations require a
closure approximation. We propose a data-driven method
for closing such equations that is independent of the high-
dimensional phase space. It involves estimating condi-
tional expectations from experimental data or sample tra-
jectories. We demonstrate the methods efficacy for high-
dimensional power system models in presence of cross-
correlated Ornstein-Uhlenbeck noise, random parameters,
and random initial conditions. Accuracy is successfully
tested against Monte Carlo simulations.
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MS173

Gaussian Process Surrogate Models for Efficient
Computations in Bayesian Inverse Problems

A major challenge in the application of sampling methods
to large scale Bayesian inverse problems, is the high compu-
tational cost associated with solving the forward model for
a given set of input parameters. To overcome this difficulty,
we consider using a surrogate model that approximates the
solution of the forward model at a much lower computa-
tional cost. We focus in particular on Gaussian process
emulators, and discuss issues in the efficent goal-oriented
construction of the emulator.

Aretha L. Teckentrup
University of Edinburgh
a.teckentrup@ed.ac.uk

PP1

Disentangling Intracellular Behavior from Extra-
cellular Data

Bacteria can utilize a biodiesel waste product, glycerol, to
produce 1,3-propanediol (1,3-PDO), a common commercial
solvent. To study the viability of 1,3-PDO producing bac-
teria, the cell membrane transport of reactant species and
the in-vivo kinetics of the pathway enzymes (DhaT DhaB)
need to be quantified. The kinetics of purified DhaT have
been studied, but the reaction environment and kinetics
in cells may differ. Additionally, the kinetics of the DhaB
enzyme and cell membrane transport mechanisms of the
reactants are undetermined. With published consumption
and production time series data of bacteria feeding on dif-
ferent initial glycerol concentrations, I used Bayesian Cal-



Conference on Uncertainty Quantification (UQ22)                                                    187186 UQ22 Abstracts

ibration on an ODE model of the system to infer the un-
known parameters. The resulting data distribution closely
matched the experimental results. The resulting param-
eter distributions revealed that glycerol and 1,3-PDO are
transported via facilitated diffusion; the maximum reac-
tion rate of DhaT is larger in-vivo than in-vitro; and the
permeability of 3-HPA, a toxic intermediate, is structurally
unidentifiable under the experimental conditions.
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PP1

Robust Initializations of Variational Inference with
Gaussian Mixtures Through Global Optimization
and Laplace Approximations

In variational inference (VI), mean-field approximations
are often too restrictive to provide useful approximations
of intractable Bayesian posteriors exhibiting multimodal
and non-Gaussian behavior. High-fidelity surrogate poste-
riors can be obtained by considering the family of Gaussian
mixtures, capable of capturing multiple modes and approx-
imating any distribution. VI with Gaussian mixtures can
suffer from an explosion in the number of parameters as the
dimensionality of the underlying problem increases. Cou-
pled with the existence of multiple local minima due to
strong nonconvex trends in the loss functions associated
with VI, these challenges motivate the need for robust ini-
tialization procedures to improve the performance of VI
with mixture models. In this work, we propose a method
for constructing a Gaussian mixture model approximation
that can be used to initialize VI. The procedure begins with
a global optimization stage to find a set of local maxima,
which we take to approximate the mixture component cen-
ters. Around each mode, a local Gaussian approximation
is constructed via the Laplace approximation. Finally, the
mixture weights are determined through constrained least
squares regression. The procedure is subjected to a vari-
ance based sensitivity analysis to investigate its robustness
across various aspects of the posterior distributions. The
proposed methodology is also analyzed as an initialization
procedure for VI on a multimodal toy problem in two di-
mensions.
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PP1

Uncertainty Quantification in Multiscale Modeling
of Markovian Type Charge Dynamics

First-principle multiscale models of charge dynamics in dis-
ordered material typically combine classical methods for
structure simulations with a quantum description of the
charge carriers[?]. Rates for transitions are determined
and the dynamics modeled as a random walk in an elec-
tric network. The Markovian transition matrix is subject
to uncertainties from the multi-scale procedure, and large
statistical samples are required for obtaining device prop-
erties, such as charge absorption time and effective con-
ductance. As an alternative to expensive Monte Carlo
(MC) sampling, we study the dynamical properties from
an analysis of the uncertainty within a Gaussian disor-
der model. Specifically, means and standard deviations of
absorption time and effect resistance are calculated from
polynomial chaos expansion (PCE)[?]. Sensitivity analy-
sis is performed to identify the material regions prone to
perturbation and most influential on the macroscopic ob-
servables. We find that as the PCE terms go to infinities,
the effective resistance approaches the Monte Carlo sample
means. From the uncertainty quantification achieved by
PCE, we can make statements about the confidence level
at characterizing the dynamical properties of the materi-
als. We show numerical results from MC and PCE of the
hole conductance in a polymeric composite material used
in a neuromorphic device.
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PP1

A Variance Deconvolution Approach to Sampling
Uncertainty Quantification for Monte Carlo Radi-
ation Transport Solvers

Radiation transport computations in realistic systems are
affected by the presence of uncertainty sources, e.g. nuclear
cross section data and variability in geometric arrange-
ment. Therefore, it is of paramount importance to sta-
tistically characterize the response of quantities of interest
by performing accurate uncertainty quantification (UQ).
Traditionally, UQ is focused on evaluating how the statis-
tics of a numerical code response are affected by sources
of uncertainty, which can be propagated through several
runs of the numerical code. However, for radiation trans-
port problems solved using Monte Carlo particle transport
methods in which one sample (in the parameter space) of
the quantity of interest is obtained by averaging various
particles random walks, the non-deterministic nature of
the solver introduces an additional source of variance. In
this contribution, we describe how we can obtain more ef-
ficient and accurate sample variance estimators by taking
into account, and removing, the additional variability in-
troduced by the Monte Carlo radiation transport solvers.
We will provide a rigorous mathematical treatment of these
variance contributions and their sampling estimator coun-
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terparts. In particular, we will present several numerical
test problems in which this variance deconvolution strategy
is deployed with and without scattering, in 1D slabs, and
with different sources of uncertainty including uncertain
material properties and stochastic mixing.
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PP1

Towards a Data Assimilation Earthquake Estima-
tor: Using An Ensemble Kalman Filter on 2D Per-
fect Model Experiments

Earthquakes are among the most dangerous natural haz-
ards. In the last decades, there has been a lot of progress
in developing more accurate Early Earthquake Warning
Systems (EEWS) and Probabilistic Seismic Hazard Assess-
ments (PSHAs) to prepare the population for possible fu-
ture earthquakes events. However, our ability to produce
forecasts is hampered by very limited information on the
current state of stress, strength, and governing parame-
ters of the existing faults generating the earthquakes. En-
semble data assimilations (EDAs) provide a means to es-
timate the time evolution of the state of stress, strength,
and governing parameters of existing faults and therefore
the earthquakes they produce. The EDAs have the ad-
vantage of combining the estimates of physics-based mod-
els and observation while quantifying their uncertainties.
Perfect model experiments with an Ensemble Kalman Fil-
ter (EnKF), connected with 2D earthquake cycle models,
demonstrate the ability to estimate the state variables of
shear stresses, slip velocities, and state (?) of a straight
fault governed by rate-and-state friction surrounded by a
homogeneous elastic medium. Furthermore, despite the
inherent assumption on the Gaussianity of these distribu-
tions, the EnKF still provides a reasonable estimate of the
time of occurrence of earthquakes in the 2D experiment.
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Delft University of Technology (TU Delft)
Department of Geoscience and Engineering
h.a.diabmontero@tudelft.nl

PP1

Bayesian Inversion of a Coupled Acoustic-Gravity
Model for Predictive Tsunami Simulation

To improve tsunami preparedness, early-alert systems
and real-time monitoring are essential. We propose a
novel approach for predictive tsunami modeling within the
Bayesian inversion framework. This effort focuses on in-
forming the immediate response to an occurring tsunami
event using near-field data observation. Our forward model
is based on a coupled acoustic-gravity model (e.g., Lotto
and Dunham, Comput Geosci (2015) 19:327340). Simi-
lar to other tsunami models, our forward model relies on
transient boundary data describing the location and mag-
nitude of the seafloor deformation. In a real-time sce-

nario, these parameter fields must be inferred from a vari-
ety of measurements, including observations from pressure
gauges mounted on the seafloor. One particular difficulty
of this inference problem lies in the accurate inversion from
sparse pressure data recorded in the near-field where strong
hydroacoustic waves propagate in the compressible ocean;
these acoustic waves complicate the task of estimating the
hydrostatic pressure changes related to the forming sur-
face gravity wave. Furthermore, the forward model incurs
a high computational complexity, since the pressure waves
must be resolved in the 3D compressible ocean over a suf-
ficiently long time span. Due to the infeasibility of rapidly
solving the corresponding inverse problem for the fully dis-
cretized space-time operator, we explore options for using
surrogate operators of the parameter-to-observable map.
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PP1

Efficient UQ and Global Time-Varying Sensitivity
Analysis Using the Spatially Adaptive Combina-
tion Technique

Due to their construction, conceptual hydrological mod-
els typically exhibit many parameter uncertainties with
considerable variance, leading to significant uncertainty in
model predictions (e.g., predictions of flood or drought
events). The propagation of the resulting high-dimensional
joint parameter uncertainty is a challenging task both
mathematically and in terms of the computational de-
mands. In this work, we employ a non-intrusive polynomial
chaos expansion to model uncertainty in five or more in-
put parameters that characterize high-flow conditions. We
rely on sparse grid (SG) strategies to compute the expan-
sion’s coefficients while keeping the necessary model runs
small. To keep the black-box property of the combination
technique while focusing on regions of interest adaptively,
we rely on a recently proposed spatially adaptive SG com-
bination technique with a dimension-wise refinement algo-
rithm. Due to the runtime of the model, parallel execution
and parallel post-processing of the UQ analysis are crucial
in our solution. On the example of specific hydrological
models used for flood forecasting, we show that our results
can give an insight into the parameters’ stochastic impor-
tance and provide authorities with a reliable uncertainty
band over the flow predictions in a reasonable time. Our
work bridges the gap between earlier theoretical work on
UQ and more complex real-world problems.

Ivana Jovanovic Buha
Technical University Munich
ivana.jovanovic@tum.de

Michael Obersteiner, Tobias Neckel
Technical University of Munich
oberstei@in.tum.de, neckel@in.tum.de

Hans-Joachim Bungartz
Technical University of Munich, Department of
Informatics
Chair of Scientific Computing in Computer Science



Conference on Uncertainty Quantification (UQ22)                                                    189188 UQ22 Abstracts

bungartz@in.tum.de

PP1

Active Learning Within the Kennedy and O’Hagan
Framework for Rare Earth Element Solvent Ex-
traction Equilibria

The Kennedy and O’Hagan (KOH) calibration framework
implemented with Gaussian Process (GP) regression can
be used to assimilate real and simulated data sources for
improved real world prediction. While it is common to
use active learning criteria with GPs to sequentially ac-
quire data for improved prediction, active learning for ac-
quiring simulator data for improved real world prediction
within the KOH framework is sparsely found within the
statistical literature. First, we propose an integrated mean
squared prediction error criteria which can be utilized with
the KOH calibration framework and computed in closed
form. Then, we provide an empirical comparison to other
methods using results from a Monte Carlo experiment on
a toy data generating mechanism. Lastly, we overview re-
sults from the motivating example: predicting equilibrium
conditions of rare earth elements for a liquid-liquid extrac-
tion chemical process.
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PP1

Maximin Distance Designs with Mixed Continu-
ous, Ordinal and Binary Variables

We propose a new method to construct maximin distance
designs with arbitrary numbers of dimensions and points.
The proposed designs hold interleaved-layer structures and
handel the mixed continuous, ordinal and binary variables.
Applicable to distance measures with equal or unequal
weights, our method is useful for emulating computer ex-
periments when a relatively accurate a priori guess on vari-
able importance is available.
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PP1

A Bayesian Framework for Parameter Estimation
from Sparse and Noisy Measurement Data in Sys-
tems Biology

We propose a Bayesian parameter estimation framework
to facilitate model calibration and uncertainty analysis for
predictive models of biological systems. Many of these
models are nonlinear differential equations that character-
ize the dynamics of the relevant biochemical species. Sys-
tem biologists need to estimate many free parameters from
sparse and noisy experimental data to calibrate these mod-
els. Despite the uncertainties associated with this data,
systems biologists directly fit the free parameters, typically
ignoring any uncertainty altogether. Our work moves past
this traditional model-fitting paradigm by adapting an ap-
proximate marginal Markov chain Monte Carlo (MCMC)
method for Bayesian parameter estimation. We find that

this method can recover the posterior parameter distri-
bution from experimental data for a well-known biologi-
cal system, the mitogen-activated protein kinase signaling
pathway. Further, we use this method to explore several
questions related to this system: What are the effects of
the experimental conditions on the recovered model param-
eters? and Can we assume that models calibrated to these
varied data show equivalent behavior? Our work introduces
a new modeling paradigm that bridges the gap between
standard systems biology modeling practices and rigorous
uncertainty quantification.
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PP1

Spatio-Temporal Kriging from CloudSat Observa-
tions

Spatiotemporal statistical learning has received increased
attention in the past decade, due to spatially and tempo-
rally indexed data proliferation, especially collected from
satellite remote sensing. Observational studies of clouds
are recognized as an important step to improve cloud rep-
resentation in weather and climate models. Since 2006, the
satellite CloudSat of NASA carries a 94 GHz cloud profil-
ing radar and is able to retrieve, from radar reflectivity,
microphysical parameter distribution such as water or ice
content. The collected data is piled up with the succes-
sive satellite orbits of nearly 2 hours, leading to a large
database of 2 TO. To go further than cloud analysis, it is
interesting to be able to interpolate, in space, and to pre-
dict, in time, the cloud microphysics in medium and long
term. Since an accurate estimation is obviously unattain-
able, it is an issue of uncertainty quantification. Starting
from a data exploratory analysis, we have recently initi-
ated a statistical kriging-based approach that is able to
interpolate/predict from the dataset and provide uncer-
tainties. Beforehand, it requires in particular estimating
the parameters of the spatio-temporal covariance model; it
is performed in a Bayesian setting, which allows for esti-
mation and uncertainties quantification. The approach is
then applied to a subset of the CloudSat dataset.

Pierre Minvielle
CEA
pierre.minvielle@cea.fr

Jean-Marie Lalande
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PP1

Take-Away Impartial Combinatorial Game on Dif-
ferent Geometric and Discrete Structures

Following from the winning strategy for a Take-Away Im-
partial Combinatorial Game on only Oddly Uniform or
only Evenly Uniform Hypergraphs in the Ph.D. Disser-
tation of Dr. Kristen Barnard (an Assistant Professor
of Mathematics at Berea College), Molena Nguyen found
the new winning strategy for a Take-Away Game on nei-
ther Oddly nor Evenly Uniform Hypergraphs during her
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Undergraduate Independent Research opportunity. How-
ever, those neither Oddly nor Evenly Uniform Hypergraphs
must meet the given special requirements. In a Take-Away
Game on hypergraphs, two players take turns to remove
the vertices and the hyperedges of a hypergraph. In each
turn, a player must remove either only one vertex or only
one hyperedge. When a player chooses to remove one ver-
tex, all of the hyperedges that contain the chosen vertex
are also removed. When a player chooses to remove one
hyperedge, only that one chosen hyperedge is removed.
Whoever removes the last vertex wins the game. All of
the new theorems in this research paper are in agreement
with the previous theorems in Dr. Kristen Barnards Ph.D.
Dissertation.
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PP1

An Expected Log-Likelihood Based Acquisition
Function for Bayesian Optimization.

We present a novel acquisition function that is well-suited
for Multi-Objective Bayesian Optimization (MOBO) prob-
lems. Instead of sequentially sampling points that reduce
the uncertainty around Quantities of Interest (QOI), we ac-
quire new points in a region where the objective function
decreases. We achieve this by exploiting an expected log-
likelihood based acquisition function that efficiently bal-
ances the exploration/exploitation trade-off. The devel-
oped method incorporates a rigorous Uncertainty Quan-
tification (UQ) on the input and output parameters and is
well-adapted for design problems where a targeted output
needs to be produced. We validate the presented strategy
on a set of problems that arise from manufacturing ex-
periments where our approach is particularly relevant, and
compare its performance to Bayesian Optimization algo-
rithms with common acquisition functions such as the Ex-
pected Improvement (EI) or the Upper Confidence Bound
(UCB).
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PP1

Examining Effect of CG Error on Computational
Pipelines with Probabilistic Numerics

Many computational pipelines depend on solving systems
of linear equations. The Conjugate Gradient method (CG)
is a widely used iterative method that solves systems of lin-
ear equations. Early termination of CG sacrifices accuracy
to save computational resources. We analyze the propaga-
tion of CG error in computational pipelines, specifically the
computation of a generalized singular value decomposition.
The Bayesian Conjugate Gradient method (BayesCG) is a
probabilistic generalization of CG that solves systems of
linear equations and produces a probability distribution
that models the error. By sampling from the BayesCG dis-
tribution and propagating those samples through the com-
putational pipeline, we obtain a distribution that models
the effect of CG error on the output of the computational

pipeline.
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PP1

Quantifying Aleatoric and Epistemic Uncertainties
in RLC Circuits with Data-consistent Inversion

The characterization of uncertainty as aleatoric or epis-
temic is a fundamental part of solving ill-posed inverse
problems. However, in practice, when epistemic uncer-
tainty is modeled with aleatoric random variables, the dis-
tinction between aleatoric and epistemic uncertainty can
become blurred, especially in Bayesian contexts. When the
parameter of interest in a physical model is subject to epis-
temic uncertainty, the Bayesian formulation treats the pa-
rameter as a random variable whose distribution collapses
to the true value as more data is observed (i.e., parameter
identification). On the other hand, when the parameter of
interest is subject to aleatoric uncertainty, the appropri-
ate Bayesian formulation to the inverse problem necessi-
tates a hierarchical approach to modeling the inherent vari-
ability of the parameter (i.e., distribution estimation). In
this work, we illustrate the importance of these philosophic
distinctions by comparing two inverse problems involving
RLC circuits. In addition, we present new research into
the measure-theoretic approach to quantifying these un-
certainties called Data-consistent inversion. Both Bayesian
and Data-consistent methods are applied to the two RLC
circuit problems. Theoretical properties and numerical re-
sults of the solutions are compared and contrasted, along
with their benefits and drawbacks.
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PP1

Pagp: A Physics-Assisted Gaussian Process Frame-
work with Active Learning for Forward and Inverse
Problems of Partial Differential Equations

In this work, a Gaussian process regression(GPR) model
incorporated with given physical information in partial dif-
ferential equations(PDEs) is developed: physics-assisted
Gaussian process(PAGP). The targets of this model can be
briefly described by solving forward and inverse problems
of given PDEs. We introduce three different models: con-
tinuous time, discrete time and hybrid models. The given
physical information is integrated into GPR model through
our designed Gaussian process(GP) loss functions following
the idea of penalized GPR. The first part introduces the
continuous time model which treats temporal domain the
same as spatial domain. The unknown coefficients in given
PDEs can be jointly learned with GP hyper-parameters
by minimizing the designed loss function. In the discrete
time models, we first choose a time discretization scheme.
Then the PAGP model is applied at each time step to-
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gether with the scheme to approximate PDE solutions at
given test points. To discover unknown coefficients in this
setting, observations at two specific times are needed and a
mixed mean square error function is constructed to obtain
the optimal coefficients. In the last part, a novel hybrid
model combining the continuous and discrete time models
is presented. It merges the flexibility of continuous time
model and the accuracy of the discrete time model. The
effectiveness of the proposed PAGP methods is illustrated
by five numerical experiments.
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