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Special Issue on 
Control and Systems Theory
In this special issue, read about exciting new developments at the 

intersection of applied mathematics and control theory.

Stackelberg Mean Field Games: 
A Framework for Policy  
Design in Complex Systems

By Michael Herty 

Transport phenomena are ubiquitous in 
many physical, biological, and soci-

etal processes: applications range from 
fluid dynamics for air and spacecrafts, 
swarming dynamics of animal cohorts, 
data or product flows in large-scale com-
puting or production systems [7], and 
description of emergent phenomena in 
collective dynamics [11]. Typically, these 
problems exhibit a temporal and spatial 
scale, a finite speed of information propa-
gation, and highly nonlinear behavior. 
Mathematically, these phenomena allow 
for a unified description by general hyper-
bolic partial differential equations (PDEs). 
Some classical examples date back to 1757 
when Leonhard Euler published Principes 
généraux du mouvement des fluides [5], 
known today as the Euler equations of 
fluid dynamics:

+∇ ⋅ =x ur 0,¶tr

¶t ( ) ( )r ru u ux x+∇ ⋅ ⊗ +∇ p Et= ∂ +0,

Ñx ⋅ +( )E pp Et= ∂ +0, u = 0.

(1)

The Euler equation (1) in conservative form 
solves for the density r, velocity u, and 
total energy E. as functions of space x and 
time t. The ideal pressure, p e= −ρ γ( )1 ,  
together with the ratio of the specific heats 
g, and the internal energy e, is related to 
the total energy by E e= +r r1

2
|| |u 2.

Since the Euler equations were pub-
lished, tremendous progress has been made 
in both analytical and numerical aspects 
of hyperbolic PDEs, including results on 
well-posedness and the development of 
efficient, high-order methods on arbitrary 

grids. Due to its prominence within a wide 
range of applications, a strong demand for 
methods that emphasize optimization, opti-
mal control, and controllability and stabi-
lization, has emerged. Although research-
ers in different areas of expertise often 
approach these problems with a different 
focus and varying methods, all applied 
mathematicians share a substantial body 
of common knowledge and background on 
transport phenomena. Thus, the interdisci-
plinary nature of this research and analysis 
attracted many researchers interested in the 
novel fundamental theoretical results, as 
well as more recent results on correspond-
ing numerical schemes. 

Despite immense progress, the two 
approaches that drive both the theoretical 

and numerical developments of hyperbolic 
PDEs are still disjoint. On one hand, there 
is now an established theory for smooth 
solutions and multidimensional systems of 
conservation and balance laws; such solu-
tions are known to exist given data with 
sufficiently small Hs  norm or sufficiently 
small control horizon, respectively. Their 
construction is often conducted using the 
theory of characteristics or energy esti-
mates in adapted weighted norms. The 
particularities of such solutions are also 
reflected by the tools used for controllabil-
ity and stabilization. The second approach, 
which uses Lyapunov–type arguments, 
solves for the stabilization of linear and 
nonlinear hyperbolic balance laws in one 

See Optimization and Control on page 4

Hyperbolic Partial Differential      
Equations in Optimization and Control

Figure 1. Control concepts for hyperbolic systems are starting to enter new applications, 
including the process of metal forming and vehicular traffic flow. 1a. Control of the boundary 
of crystallization during forming processes. On the right, a cross-sectional cut through the 
material and, on the left, the level set representation on a computational grid. The problem is 
modeled as stabilization problem for multidimensional (linear) hyperbolic systems. 1b. Real-
time control in a traffic flow field experiment on a ring road with a controlled vehicle. Shown 
are speed profiles of approximately 21 human driven cars (gray) as well as an automated car 
(blue). Figure 1a courtesy of the author, 1b courtesy of [11]. 

By Gökçe Dayanıklı and 
Mathieu Laurière

Designing the “best” governmental poli-
cies is a highly challenging task, as pol-

icymakers must account for how individuals 
or institutions can respond to policy interven-
tions. In aspects ranging from public health to 
finance, creating policies that remain optimal 
despite the response from the public presents 
a difficult problem. For example, the avail-
ability of a vaccine can impact how and when 
people socialize, which in turn can influence 
the spread of an infection. Similarly, a new 
capital requirement for banks may alter how 
banks manage risk and interact with their 
peers, while the implementation of a carbon 
tax may result in transitions to renewable 
energy, thus impacting supply variances and 
affecting electricity prices. In these cases, the 
agents (i.e., the banks, individuals, energy 
market participants, or other decision-mak-
ers) adapt to the policy environment. These 
emergent behaviors pose difficult challenges 
for mathematical modelers and policymakers 
and may trigger outcomes that differ from the 
policy’s intended effects.

For this reason, establishing optimal 
policies has become a central interest for 
operations researchers, economists, and 
applied mathematicians. On the theoretical 
side, standard optimal control techniques 
typically assume that a policymaker steers 
a dynamical system whose evolution is 
fixed once a control is chosen. However, 
in many social, economic, and engineer-
ing settings, these dynamics are not static; 
they depend on how agents interact with 
one another and react to the implemented 
policies. On the computational side, agent-
based modeling and simulation (ABM) can 
help policymakers visualize how agents 
might respond to policies according to 
heuristic rules. While ABM is invalu-
able for comparing different scenarios, it 
often faces a significant tradeoff between 
realism and tractability. Complex ABM 
can be difficult to calibrate, analyze, and 
optimize. Furthermore, because behavior 
in ABM is prescribed by fixed rules, it can 
be challenging to attribute specific causes 
to outcomes or to quantify exactly how a 
policy influences behavior.

See Mean Field Games on page 3

Figure 1. The three scales of collective control. The microscopic level (left) tracks 
N  individual agents. The graph limit (top) replaces the discrete network with a 
continuous graphon, yielding an integro-differential equation. The mean-field limit 
(bottom) replaces agents with a probability density satisfying a Fokker-Planck 
partial differential equation. Both continuum descriptions can be used to design 
a feedback control law u x t( , ) (right) that is then applied back to the agent-level 
system. Figure courtesy of the authors. 

The control of collective dynamics is an inherently multiscale challenge. In an article 
on page 5, Giacomo Albi, Dante Kalise, and Emmanuel Trélat discuss the design of 
strategies that account for individual behaviors while pursuing population-level goals.
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By Madhav Marathe and  
Erin Raymond 

Recent breakthroughs in artificial intel-
ligence (AI) have sparked extraordi-

nary excitement, investment, and public 
attention. Much of the discussions sur-
rounding these advancements are focused 
on data availability, computing scale, and 
the increase in sheer power these models 
hold. Yet as many SIAM members know 
well, these narratives tell only part of 
the story. Applied mathematics is central 
to the development of modern AI, from 
optimization and numerical linear algebra 
to probability, statistics, and dynamical 
systems, and it will be decisive in deter-
mining whether AI systems can be trusted, 
deployed, and sustained in the years ahead.

To address the rapid changes in AI, the 
SIAM AI Task Force developed “The Role 
of Applied Mathematics in a New Era of 
Artificial Intelligence,”1 a white paper 
examining the role of applied mathematics 
in the future of AI — particularly in high-
consequence domains where reliability, 
safety, and accountability are essential. 
The report advances a simple but con-
sequential point: applied mathematics is 
not merely a supporting tool for AI, but a 
form of intellectual infrastructure that AI 
systems require to mature from impressive 
demonstrations into dependable compo-
nents of science, engineering, and society.

From Impressive Predictions  
to Trustworthy Systems

Although many current AI systems 
excel at pattern recognition and predic-
tion, often ranking remarkably high on 
benchmark tasks, real-world deployment 
demands far more than predictive accuracy 
— especially in regards to national securi-
ty, healthcare, energy systems, agriculture, 
and scientific discovery. Decision-makers 

1  https://www.siam.org/media/b03hwuwe 
/siam-report-ai-task-force.pdf

cal laws. Across all of these domains, applied 
mathematics provides the unifying founda-
tions that enable the uncertainty quantifica-
tion, incorporation of constraints and domain 
knowledge, verification, and principled deci-
sion support that allow AI systems to become 
truly reliable, trustworthy tools.

Past Investments  
and Future Opportunity

The report emphasizes that past invest-
ments in applied mathematics have already 
delivered substantial returns. Research 
awarded with the 2024 Nobel Prize in 
physics2 and the 20183 and 20214 Turing 
Awards—all projects focused on machine 
learning and computing—highlight that 
applied mathematics and formal methods lie 
at the heart of many foundational advances 
in AI. Recent work by researchers in the 
use of diffusion models for the earth sys-
tem illustrated the benefit of using applied 
mathematics to improve AI systems, while 
advances in optimization, numerical meth-
ods, uncertainty quantification, and large-
scale computation continue to make mod-
ern AI possible. At the same time, current 
deployments reveal the limits of existing 
theory when systems are scaled, coupled, or 
placed in high-stakes environments.

Looking forward, continued progress in AI 
will depend on the sustained investment in 
applied mathematics research. Key frontiers 
include mathematical foundations for founda-
tion models, scalable uncertainty quantifica-
tion, integration of symbolic and statistical 
reasoning, certification of learning-enabled 
systems, and mathematical tools for human-
AI interaction and oversight. Without such 
advances, AI risks remaining brittle, opaque, 
and difficult to govern; with them, AI can 
mature into a trustworthy technology capable 
of supporting scientific discovery, economic 
competitiveness, and societal well-being.

A Call to the SIAM Community
For SIAM and its members, the mes-

sage presented in “The Role of Applied 
Mathematics in a New Era of Artificial 
Intelligence” is both affirming and challeng-
ing. Applied mathematics has always been 
central to technological progress, and AI is no 
exception; however, realizing AI’s promise 
responsibly will require continued leadership 
from the applied mathematics community 
through foundational research, interdisciplin-
ary collaboration, education, and engagement 
with policymakers and the public.

The SIAM AI Task Force white paper 
offers one contribution to this effort. Its 
central conclusion is clear: the future of AI 
will not be determined by scale alone. It 
will be shaped by the mathematical foun-
dations that enable understanding, control, 

2  https://www.nobelprize.org/prizes/ 
physics/2024/press-release/

3  ht tps: / /amturing.acm.org/award_ 
winners/hinton_4791679.cfm

4  ht tps: / /amturing.acm.org/award_ 
winners/dongarra_3406337.cfm

require AI systems that can quantify uncer-
tainty, respect physical and operational 
constraints, support reasoning about cause 
and effect, and remain robust when condi-
tions change or data are sparse.

Applied mathematics provides the 
frameworks that make these capabili-
ties possible: uncertainty quantification 
allows models to communicate confidence 
and limitations rather than point esti-
mates alone; optimization, model reduc-
tion, and multiscale analysis make large 
and complex systems computationally 
feasible while preserving essential struc-
ture; and verification and certification 
methods enable rigorous assessment of 
model behavior, performance, and safety. 
Together, these tools transform AI outputs 
from opaque predictions into inputs that 
can support accountable human judgment.

Shared Challenges  
Across Critical Domains

Across many different sectors, AI faces 
a common set of challenges that cannot be 
resolved by data and computation alone. In 
adversarial and high-consequence settings, 
AI systems must detect weak and noisy 
signals, reason under uncertainty, and sup-
port counterfactual analysis rather than ret-
rospective pattern matching. In disciplines 
involving human health, AI must support 
individualized decisions that are explainable, 
auditable, and accountable. In tightly coupled 
physical infrastructures like energy systems, 
small errors can cascade into large failures; 
therefore, AI models must have stability, con-
trol, and robustness guarantees. To succeed in 
agriculture and environmental applications, 
AI tools must have the ability to extrapolate 
conditions beyond historical data to novel 
climates, extreme weather events, and ever-
changing conditions, tasks that demand mul-
tiscale modeling and uncertainty propagation. 
In scientific discovery, speed alone is insuf-
ficient; AI-driven insights must be reproduc-
ible, interpretable, and consistent with physi-

Applied Mathematics as Infrastructure 
for the Future of Artificial Intelligence

Members of the SIAM AI Task Force meet to begin writing “The Role of Applied Mathematics 
in a New Era of Artificial Intelligence.” Top, from left to right: Madhav Marathe, Erin Raymond, 
and Alejandro Aceves. Middle, from left to right: Jonathon Mattingly, Bert Debusschere, and 
Kevin Carlberg. Bottom, from left to right: Lior Horesh and Karen Willcox. 

Want to Place a 
Professional Opportunity 
Ad or Announcement in 

SIAM News?

Please send copy for classified 
advertisements and announce-
ments in SIAM News to 
marketing@siam.org.

For details, visit 
siam.org/advertising. 

See Artificial Intelligence on page 3

5 	 From Individuals to 
Densities: The Many Scales 
of Collective Control	
Giacomo Albi, Dante Kalise, 
and Emmanuel Trélat explore 
multiscale approaches for 
control of large-scale collec-
tive systems, such as graph 
limits and mean‑field equations. 
These approaches enable the 
design of optimal strategies 
for control of complex phe-
nomena, ranging from opinion 
dynamics to swarm robotics. 

7 	 Hamilton-Jacobi Equations, 
Finite Differences, and 
Neural Networks	
Carlos Esteve-Yagüe, Richard 
Tsai, and Alex Massucco 
detail the intricacies of 
Hamilton–Jacobi equations 
for optimal control. They 
propose a grid-free network 
approach that offers scalable 
and reliable computation of 
value functions for high-
dimensional control problems. 

8 	 The inControl Podcast: 
Building a Global Audience 
for Control Theory	
inControl, the first podcast 
dedicated to control theory, 
has taken the world of control 
and systems theory by storm, 
garnering over 150,000 lis-
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countries. Dante Kalise sat 
down with inControl’s host, 
Alberto Padoan, to discuss 
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cessful podcast and what the 
future holds for inControl. 
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Developing Countries 
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Two Doctoral Awardees	
Belgis Ainatul Iza and 
Annisa Rahmita Soemarsono, 
both Ph.D. candidates at 
Sepuluh Nopember Institute 
of Technology (ITS) in 
Indonesia, reflect on their 
experiences as the first stu-
dents from ITS to receive 
financial support through the 
International Mathematical 
Union’s Graduate Research 
Assistantships in Developing 
Countries (GRAID) Program. 

10 	 A Contract of Trust: 
Artificial Intelligence 
Usage for SIAM Journal 
Submissions	
Tamara Kolda discusses the 
increased usage of artificial 
intelligence for scientific 
writing and its impact on the 
research papers submitted to 
SIAM journals and published in 
the wider scientific community. 
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To identify effective policies that antici-
pate emergent population behaviors in a trac-
table manner, we can employ the Stackelberg 
equilibrium, a fundamental concept in 
mathematical game theory. In a classical 
Stackelberg game, a leader initiates a strategy 
by setting an incentive, policy, or constraint. 
The follower then responds with their best 
strategy, namely, the behavior that optimizes 
their own objectives given the leader’s incen-
tive. Finally, the leader optimizes their own 
objective by accounting for the follower’s 
optimal responses as a direct function of the 
initial incentive. This setting drew particular 
interest in contract theory literature, studied 
in a continuous-time framework via back-
ward stochastic differential equations [12].

When there is more than one follower, we 
must also account for interactions among the 
followers. In this setting, we can assume that 
the followers respond to the leader’s policy 
by playing a Nash equilibrium, where each 
follower chooses their best response (i.e., 
a strategy that optimizes their own objec-
tives) given both the leader’s policy and the 
behavior of the other followers. This creates 
a situation where, conditional on the leader’s 
policy, no follower has an incentive to devi-
ate from their strategy. In large populations, 
solving for a Nash equilibrium is challeng-
ing due to the increasing number of interac-
tions, thus approximation methods such as 
mean field games (MFGs) can be employed. 
The full framework involving a leader and 
a large population of followers is typically 
referred to as a Stackelberg MFG [4, 8, 11]. 

Informally, the leader’s problem is to 
choose a policy that optimizes their own 
objective, subject to the constraint that fol-
lowers will find the equilibrium behavior for 
themselves. This “subject to” constraint is the 
crucial element of the framework; it trans-
forms a standard, single-level optimization 
problem into a nested one, where the leader’s 
decision must explicitly account for the inter-
nal optimization process of the followers. 
This hierarchy provides a robust abstraction 
for many policymaking scenarios, ensuring 
that the resulting interventions are resilient 
to the strategic adaptations of the population.

One prominent application of this frame-
work is in the mitigation of epidemics [2]. 
In an MFG approach to disease control, the 
population is modeled as a large collection 
of agents whose health states (e.g., suscep-
tible, exposed, infected, or recovered) change 
over time. Each individual manages their 
transition between health states; for instance, 
by controlling the intensity of their social 
interactions, an individual can minimize their 
personal risk or cost. A public health author-
ity, as the leader, would influence this system 
through non-pharmaceutical interventions or 
incentives, aiming to steer collective behavior 
toward a socially optimal outcome — such 
as reducing the infection peak or preserving 
healthcare capacity. In this case, individuals 
(followers) naturally adjust their socialization 
habits in response to the spread of disease and 
the government’s mandates, thus the optimal 

mitigation policies can be formulated as a 
Stackelberg MFG problem. Figure 1 presents 
a comparison of the spread of a disease under 
Stackelberg MFG policies to the free epidem-
ic spread case — where the individuals do not 
adjust their socialization levels and the public 
health authority do not give any distancing 
guidelines. We can see that Stackelberg MFG 
policies give stricter guidelines to infected 
individuals which results in a decrease in the 
spread of the disease.

Another compelling application lies in 
systemic financial risk management and the 
stability of banking networks [7, 9]. In this 
setting, a central bank acts as the leader 
by announcing macroprudential policies 
(e.g., specific borrowing and lending rates 
or liquidity requirements). Related financial 
institutions then act as followers, adjusting 
their interbank lending strategies and risk-
taking behaviors to maximize their individual 
profits, ultimately reaching a Nash equilibri-
um. The central bank’s objective is to choose 
a policy that prevents a cascade of failures 
and ensures that the number of defaults 
remains below a critical threshold. Since 
the other banks’ reactions to interest rates or 
capital buffers can shift the stability of the 
entire market, the central bank must solve a 
Stackelberg MFG to identify an intervention 
that is robust to the strategic shifts of the 
banking sector. This approach allows regula-
tors to move beyond static stress tests and 
instead model the dynamic, reactive nature of 
the global financial system.

One other real-life-inspired application of 
the Stackelberg MFG is the modeling of 
electricity producers and their response to 
carbon reduction policies such as taxation [6]. 
The government, as the leader, selects carbon 
tax levels that optimize their own objectives, 
such as keeping maximum carbon emission 
levels at a specific level while ensuring the 
electricity demand is satisfied over the time 
horizon. The electricity producers in turn act 
as followers and decide on their nonrenew-
able and renewable energy resource invest-
ments to maximize their own objectives, such 
as maximizing their revenue while minimiz-
ing production-related costs. The producers 
interact with each other through the pricing 
of the electricity which is determined accord-
ing to average supply and demand levels. 
Energy-market-related applications have 
been studied with MFGs and their extensions 
by many researchers [1, 3, 10].

New computational paths for solving these 
complex nested problems have emerged in 
recent years, moving beyond the limita-
tions of traditional numerical methods. 
One generic approach involves reformulat-
ing the bilevel Stackelberg problem into 
a single-level mean field optimal control  
problem [9], which is then solved using a 
deep learning method. Another approach 
proposes a bilevel method based on a 
finite-dimensional approximation of the 
principal’s decision space and a deep learn-
ing method to solve a forward-backward 
stochastic differential equation and fit the 
principal’s loss function. This algorithm 
is then applied to a model for Renewable 
Energy Certificate markets [5]. 

Stackelberg MFGs offer a rigorous 
mathematical foundation for understanding 
the interplay between top-down incentives 
and bottom-up strategic behavior. By treat-
ing the population’s response using game 
theoretical ideas, we can design interven-
tions that are more effective and robust.
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Mean Field Games
Continued from page 1

Figure 1. Disease spread under Stackelberg mean field game (MFG) policies. 1a. Comparison 
of the spread of disease under MFG policies as opposed to a free spread scenario. 1b. 
Stackelberg MFG social distancing policies for susceptible individuals (blue, dashed) and 
infected individuals (orange, dashed), as well as Nash equilibrium social distancing response 
of susceptible individuals (blue, solid) and infected individuals (red, solid). Infected individuals 
are given stricter distancing guidelines than susceptible individuals, and susceptible individuals 
restrict socialization below the guidelines to protect themselves further. Figure adapted from [2]. 

Artificial Intelligence
Continued from page 2

and accountability. Treating applied math-
ematics as essential infrastructure, rather 
than an optional enhancement, is critical 
to the long-term success of AI.
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or more spatial dimensions and even on 
stratified domains (i.e., networks). Since 
most physically relevant equations are 
nonlinear, the classical tools of linear 
control theory rarely apply, leading to 
an emphasis on the development of new 
methods; strong results are available on 
the controllability and stabilization, par-
ticularly in the spatially one-dimensional 
(1D) setting [3, 10]. Recent developments 
investigate turnpike properties where the 
optimal control equals the optimal control 
of the associated static optimal problem 
over an extended time horizon — a phe-
nomenon originally introduced by Nobel 
Prize winner Paul Anthony Samuelson in 
the context of financial markets and more 
recently used in the context of nonlinear 
balance laws. Numerical schemes that mir-
ror analytical approaches for stabilization 
(and turnpike controls) have also been 
developed and their theoretical decay rates 
recovered. This is relevant for numerical 
schemes that are grid based—as opposed 
Lagrangian or characteristic methods—due 
to the presence of numerical dissipation.

Conversely, even for smooth initial data 
in the scalar nonlinear case, smooth solu-
tions cease to exist beyond finite time. 
Thus, the formation of discontinuities 
requires a different set of analytical and 
numerical tools. Theoretically, progress 
has been made in the case of spatially 
1D, nonlinear systems using the notion 
of weak entropic solutions, but due to 
the weak notion of solutions, results on 
controllability and stabilization in this 
setting are sparse compared to the smooth 
case [8]. The presence of discontinuities 
also required the development of a novel 
notion of analytical sensitivities for the 
solution with respect to control variates. 
Extensive work on alternative notions of 

differentiability began thirty years ago [4], 
since the evolution operator generated by 
the conservation law is generically non-
differentiable in L 1., even in the scalar 
case. New concepts like shift-differentia-
bility or tangent vectors have proven to be 
a suitable theoretical tool for the descrip-
tion of differentials. 

Today, in the spatially 1D case, results 
on directional differentiability, and in the 
scalar case, on Fréchet differentiability, 
are available; these concepts also led to a 
theory for optimal control problems in the 
presence of (finitely many) discontinuities. 
Within this, calculus adjoint equations 
have posed additional challenges, being a 
PDE in a non-conservative form with pos-
sibly discontinuous coefficient. Even with 
the theoretical framework established, 
the development of suitable numerical 
schemes in multiple spatial dimensions 
and up to high-order for the optimal 
control problem is still under develop-
ment. One reason for this limitation is 
that defining the differential requires the 
solution to have a particular structure 
of piecewise C 1 solutions with located, 
finitely many (typically non-intersecting) 
discontinuities. This structure is in general 
not obtained using classical discontinu-
ous—Discontinuous Galerkin or Finite-
Volume schemes—due to the presence 
of numerical dissipation and the Gibbs 
phenomena close to discontinuities. The 
latter requires additional care, as numeri-
cal error typically influences the results on 
the optimal control. Promising results for 
low-order, finite-volume schemes to con-
trol the dissipation in the spatially 1D set-
ting exist, however, even in the case of 1D 
systems (and the multi-dimensional case), 
they are still an area of active research [9].

The aforementioned dichotomy requires 
a new set of adapted nonlinear tools mak-
ing the control of hyperbolic PDEs an 
interesting and vibrant field of research. 

Furthermore, the field of optimization and 
control of nonlinear hyperbolic PDEs is 
rapidly expanding in many different direc-
tions. Significant theoretical and numeri-
cal contributions remain in optimization 
calculus and control, including problems 
involving optimization calculus in the 
presence of stratified geometries such as 
networks or manifolds; optimal control 
for multi-dimensional hyperbolic PDEs 
and control based on measure-valued solu-
tions; and the controllability for general 
systems in the presence of shocks. The 
possibilities extend far further than the 
given list, and with the increase in under-
standing of the underlying concepts, the 
applications for control problems have 
increased significantly (see Figure 1, on 
page 1). The interaction with applications 
has proven to raise new and interest-
ing control questions for the ubiquitous 
transport phenomena. The many unex-
plored areas—theoretical, numerical, or 
applied—most certainly merit the interest 
and attention of the mathematics commu-
nity. In the future, we expect that the inter-
disciplinary fields of control and hyper-
bolic PDEs will lead to exciting and new 
results with a wide range of applications.
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From Individuals to Densities:  
The Many Scales of Collective Control
By Giacomo Albi, Dante Kalise, 
and Emmanuel Trélat

I n 1987, computer graphics pioneer 
Craig Reynolds created his celebrated 

“boids” model [9] that demonstrated how 
simple local rules can generate the com-
plex flocking patterns that we observe 
in nature. What Reynolds perhaps may 
not have anticipated was how his work 
would inspire a mathematical revolution 
that now spans traffic optimization, social 
dynamics, epidemic control, financial 
markets, and swarm robotics. Building 
on Reynolds’ boids model, modern math-
ematicians now seek the ability to control 
collective dynamics for the use in a wide 
range of fields. 

Controlling Collective Dynamics
The central challenge in controlling col-

lective dynamics is inherently multiscale: 
how do we design strategies that account 
for individual behaviors while also achiev-
ing population-level goals? At the finest 
resolution, we track each agent explic-
itly, but at coarser scales, we describe the 
population through continuous densities or 
network-averaged fields. The mathemati-
cal journey from one extreme to the other 
is both conceptually rich and practically 
essential, as the choice of scale determines 
what computations are feasible at all.

As a running example throughout this 
article, we reference the Hegselmann-Krause 
model for opinion dynamics [4], in which 
N  agents each hold an opinion x t

i
d( ) Î   

that evolves through interactions with their 
neighbors, random perturbations, and an 
externally applied control signal u ti( ) :: 

x
N

a x x t t u t i Ni ij
j

N

i j it t i( ) ( ),( ( )) ( ) ( ), ,..., .=
=
∑ + + =
1

1
1

φ σξ
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N

a x x t t u t i Ni ij
j

N

i j it t i( ) ( ),( ( )) ( ) ( ), ,..., .=
=
∑ + + =
1

1
1

φ σξ

(1)

Here, f is an interaction kernel, aij ³ 0 
encodes who influences whom, and σξi t( ) 
captures noise. A natural variant of this 
model incorporates bounded confidence: 
agent i only interacts with agents whose 
opinion lies within a radius R of its own. A 
typical control objective is consensus, where 
all agents are steered towards a target opinion 
x * while simultaneously keeping the control 
effort small. This looks straightforward at 
small values of N , but the challenge grows 
quickly as the number of agents increases.

The Challenge of Scale
When N  reaches into the thousands or 

millions—as is typical in crowd modeling, 

over ¢s  while the N -dimensional system 
collapses to a single nonlinear integro-
differential equation in infinite dimen-
sions. Without noise ( ),s = 0  (2) reduces 
further to a nonlocal ordinary differential 
equation, which is substantially easier 
to optimize over than the original agent-
level formulation.

The graph limit is particularly natural 
when the network has identifiable macro-
scopic structure: spatial proximity graphs, 
hierarchical organizations, or graphs that 
approximate a smooth kernel. For opin-
ion dynamics with spatially distributed 
agents, the graphon a s s( , )¢  can capture 
how the strength of influence decays with 
the distance between agent labels, carrying 
the essential geometry of the interaction 
network into the continuum formulation.

The Mean-field Limit
The second pathway takes a statistical 

mechanics perspective; rather than label-
ing agents by their position in a network, 
we ask how many agents occupy each 
opinion at time t. As N →∞, under 
mild conditions on the interaction kernel 
and the initial distribution, the empirical 
measure µN j t

t
N xj( ) ( )= ∑1 d  converges 

to a deterministic density r( , ).x t  The con-
trolled mean-field limit equation for the 
Hegselmann-Krause model takes the form 
of a controlled Fokker-Planck equation:
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where the control has become a function 
u x t( , ) of opinion and time, rather than a 
separate signal for each agent. The opti-
mization problem now reads as follows: 
minimize the expected distance to consen-
sus, integrated over the density and subject 
to the partial differential equation (PDE) 
in (3). The dimensionality has dropped 
from N d×  to simply d  plus time. 

This formulation opens the door to 
the well-developed toolkit of PDE-
constrained optimal control: adjoint meth-
ods, Pontryagin’s maximum principle in 
infinite dimensions, and Hamilton-Jacobi-
Bellman (HJB) equations. An important 
subtlety is that while the microscopic 
dynamics are linear in the original con-
trol problem, (3) involves a bilinear cou-
pling between u and r, which introduces 
genuine nonlinearity and raises interesting 
questions about stabilizability and control-
lability of the resulting system [2, 3].

Connecting the Scales
The graph limit and the mean-field limit 

are not competing descriptions but comple-
mentary ones, related through a hierarchy of 
scales illustrated in Figure 1 (on page 1). In 
a precise sense, the mean-field equation (3) 
is more general; the solution to the graph 
limit equation (2) can be recovered from the 
mean-field density by a procedure known as 
the hydrodynamic limit, which extracts mac-
roscopic flow fields from the kinetic distri-
bution. For this reason, the mean-field level 
is often called the mesoscopic scale (inter-
mediate between individual agents and bulk 
flow), while the graph limit corresponds to 
the macroscopic scale in the same sense as 
Euler equations in fluid dynamics [7].

Beyond First-order Models:  
Kinetic Equations

Many collective phenomena—includ-
ing opinion polarization, bird flocking, and 
vehicle platooning—are more accurately 
described by second-order microscopic mod-
els, wherein the agent’s state is represented 
by a position-velocity pair [6]. The mean-
field limit of this second-order system yields 
a kinetic equation for the phase-space density 
f x v t( , , ) of agents at position x  with velocity 
v, i.e., a controlled Fokker-Planck equation 
in the joint ( , )x v  space.

A particularly elegant route to these kinet-
ic equations passes through binary inter-
actions [8]. At the microscopic level, two 
agents with velocities v and v* interact sto-
chastically, exchanging momentum accord-
ing to a rule that incorporates alignment, a 
control term, and noise. Designing the control 
at this binary level amounts to solving a 
small two-agent optimization problem with 
an explicit solution. One then applies a scal-
ing limit that sends the interaction strength to 
zero while increasing the collision rate — a 
procedure analogous to the grazing collision 
limit in kinetic gas theory [10]. The resulting 
continuum equation is the controlled Fokker-
Planck PDE, now derived from first princi-
ples of the microscopic interaction rule rather 
than postulated directly. This derivation pro-
vides a rigorous foundation that connects the 
binary level with the continuum, clarifying 
exactly how the macroscopic control term 
U f x v t[ ]( , , ) inherits its structure from the 
microscopic design choices [1].

Closing the Loop:  
From Densities Back to Agents

A control law u x t( , ) that is derived at 
the continuum level must ultimately be 
translated into commands for actual agents. 
The simplest approach is direct substitution. 
If the control law was derived at the mean-
field level, agent i receives the command 

social networks, or swarm robotics—direct 
optimization of the agent-based system 
becomes computationally intractable. The 
optimization problem lives in Nd , and its 
complexity scales exponentially with N : a 
system of 1,000 agents in two dimensions 
already poses a 2,000-dimensional prob-
lem, which standard numerical methods for 
optimal control simply cannot manage.

Beyond raw computation, two additional 
difficulties emerge. First, collective behav-
ior often exhibits emergent properties—dra-
matic qualitative changes triggered by small 
perturbations in control signals—that are 
hard to anticipate from individual dynam-
ics alone. The onset of consensus in an 
opinion model, the spontaneous formation 
of lanes in pedestrian flow, or the sudden 
polarization of a population can all arise 
from microscopic rules without any obvious 
macroscopic analog. The second difficulty 
stems from data collection. In practice, one 
rarely has access to the full state; sensors 
measure aggregate statistics rather than, e.g., 
the individual opinion of every single agent, 
and thus any realistic control architecture 
must operate from partial information.

These observations motivate a fundamen-
tal shift in perspective. Rather than tracking 
individuals, can we describe the distribu-
tion of agents and control that distribution 
instead? As N  grows large, powerful math-
ematical limit theorems allow us to replace 
the high-dimensional discrete system with 
a tractable continuum description. Two dis-
tinct pathways can achieve this outcome, and 
each will preserve different structural fea-
tures of the original problem. Understanding 
the relationship between these pathways is 
itself an active area of research.

The Graph Limit
The first pathway exploits the network 

structure encoded in the matrix aij . The 
graph limit procedure, formalized by Georgi 
Medvedev [5], assumes the existence of a 
continuous function a : [ , ] ,0 1 2 ®   called 
a graphon, such that a i N j N aij( / , / ) .=  
This assumption embeds the discrete inter-
action matrix into a smooth object on the 
unit square. As N →∞, the system (1) 
converges to the graph limit equation

∂
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where the discrete label i  has been replaced 
by a continuous label s Î[ , ].0 1  The trans-
formation is a systematic averaging: the 
Riemann sum over j  becomes an integral See Collective Control on page 6
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u t u x t ti i( ) ( ( ), ),=  which involves evalu-
ating the continuum policy at the agent’s 
current opinion. If the control was instead 
derived at the graph limit level, then the 
natural substitution is u t u i N ti( ) ( / , ),=
which involves evaluating the graphon-
based policy at the agent’s label rather than 
its state. This framework is computationally 
cheap and requires no inter-agent communi-
cation. Crucially, the resulting microscop-
ic strategy is expressed in feedback form: 
each agent continuously observes its own 
state and adjusts accordingly, even though 
the mean-field optimization was originally 
posed as an open-loop problem over the 
density. This feedback structure is a valuable 
byproduct of the mean-field approach.

More sophisticated methods account for 
finite-size effects. Rather than applying the 
continuum law blindly, one can correct each 
agent’s command by its deviation from the 
current population mean, thereby explicitly 
compensating for the unavoidable fluctua-
tions when N  is only moderately large. At 
the other end of the complexity spectrum, 
particle-filter methods maintain an approxi-
mate representation of the optimal density 
and adapt commands in real time as the 
empirical distribution evolves; these methods 
provide robust performance guarantees but 
at a significantly higher computational cost.

The approximation error between contin-
uum-derived and optimal agent-level strate-
gies is possible to rigorously quantify. Under 
standard regularity assumptions, the subop-
timality of the mean-field control policy that 
is applied to the finite-agent system scales 
as O N( ),/-1 2  which is a direct consequence 
of the central limit theorem that governs the 
convergence of empirical measures. This 
scaling provides theoretical justification of 
the entire multiscale program: for large 
N , solving a PDE-constrained optimization 
problem and reading off individual com-
mands is both computationally far cheaper 
than the N -agent problem and nearly optimal 
in performance. The mean-field approach 
thus provides a principled and quantifi-
ably accurate shortcut through an otherwise 
intractable optimization landscape.

Open Problems and Outlook
The control of collective dynamics sits 

at the intersection of several rapidly devel-
oping fields, and many fundamental ques-
tions remain. On the theoretical side, the 
controllability of bilinear PDE systems 
such as (3) is not fully understood: stan-
dard results for linear systems do not trans-
fer, and the nonlinear coupling between 
the density and the velocity field creates 
genuine obstructions. Questions also sur-
round the metastability of equilibria in 
nonlocal Fokker-Planck equations and the 
related design of controls that steer the 
system away from undesired steady states 
and towards a target distribution, posing 
subtle challenges that extend well beyond 
classical stabilization theory.

On the computational side, solving 
the HJB equation that is associated with 
mean-field optimal control in high state 
dimensions remains a frontier problem. 

The value function lives on the space of 
probability measures—which is an infi-
nite-dimensional object—and any trac-
table numerical method must introduce a 
finite-dimensional approximation. Tensor 
decomposition methods, deep learning 
approximations of the value function, and 
physics-informed neural networks are all 
active research directions, each with their 
own tradeoffs between accuracy, scalabil-
ity, and generalizability.

Applications provide equally rich chal-
lenges. Social dynamics on real-world 
graphs, which are neither sparse nor gra-
phon-convergent in any obvious sense, 
require new theoretical frameworks that 
can accommodate power-law degree dis-
tributions, community structure, and time-
varying topology. Inverse optimal control 
in behavioral ecology—i.e., inferring the 
implicit objective that is being optimized 
by a flock of birds or school of fish 
from trajectory data—connects the for-
ward problem discussed here to statistical 
inference and machine learning. At a very 
different scale, real-time feedback control 
of fusion reactor plasmas draws on the 
same mathematical infrastructure: a high-
dimensional particle system whose con-

tinuum limit is a kinetic PDE, controlled 
under tight time constraints and subject to 
hard physical bounds.

What unites these problems is the same 
multiscale intuition that Craig Reynolds 
encoded in boids nearly four decades ago. 
Complexity at the individual level can 
organize into simplicity at the population 
level, and that simplicity is where tractable 
mathematics lives.
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By Carlos Esteve-Yagüe,  
Richard Tsai, and Alex Massucco

When designing an automatic device, 
an important aspect is ensuring that 

it runs as efficiently as possible. In optimal 
control theory, the goal is to determine a 
control policy that will drive a controlled 
dynamical system to maximize a perfor-
mance criterion. This framework has ubiq-
uitous applications ranging from aerospace 
trajectory planning and autonomous robot-
ics to financial portfolio optimization and 
chemical process control.

The foundations of optimal control theory 
were forged in the intellectual heat of the 
Cold War, during which a geopolitical divide 
mirrored an interesting mathematical dual-
ity. In the U.S., Richard Bellman and Rufus 
Isaacs at the RAND Corporation were tack-
ling the complexities of military logistics and 
aerial pursuit. They established the dynamic 
programming principle (DPP) [2], which 
focuses on the global value function that 
satisfies a Hamilton-Jacobi-Bellman equa-
tion — a perspective that naturally yields 
closed-loop feedback policies. By general-
izing Bellman’s framework to differential 
games involving adversarial agents, Isaacs 
derived the Hamilton-Jacobi-Isaacs equa-
tion to solve zero-sum games in the 1960s. 
Simultaneously, Soviet mathematician L.S. 
Pontryagin and his school at the Steklov 
Institute addressed critical trajectory prob-
lems of the Space Race with Pontryagin’s 
maximum principle. This approach provid-
ed the necessary conditions for optimality, 
offering a powerful variational tool for char-
acterizing specific optimal trajectories [3]. 

The value function u x( ) of an opti-
mal control problem provides a state-
dependent feedback policy to optimally 
control the underlying system’s dynamics 
(described by f ), minimizing the sum of 
the running cost r along the way:

a a aa
∗ = − ∇ −( ) argmax { ( , )· ( ) ( , )}.x f x u x r x

a a aa
∗ = − ∇ −( ) argmax { ( , )· ( ) ( , )}.x f x u x r x

Under mild conditions on f  and r, the 
value function is differentiable almost 
everywhere and satisfies a Hamilton-
Jacobi (HJ) equation at the points of 
differentiability together with a Dirichlet 
boundary condition determined by the ter-
minal cost. For deterministic problems, HJ 
equations are first-order partial differen-
tial equations (PDEs) of the general form

H x u n( , ) , ,∇ = Ω⊂0 in


where H  is the Hamiltonian function. The 
domain W may include a time dimension 
as well.

However, HJ equations are typically 
nonlinear PDEs, and classical ( )C 1  solu-
tions do not exist globally — even with 
smooth boundary data. Characteristic 
curves carry information from the bound-

ary and thus inevitably intersect, leading 
to the formation of “kinks” or discontinui-
ties in the gradient. In contrast, there are 
no unique continuous functions that sat-
isfy the HJ equation at almost every point 
of the domain, along with the boundary 
condition. For example, the Eikonal equa-
tion | |ux = 1 on the interval [ , ]0 1  with 
zero boundary condition u u( ) ( )0 1 0= =  
admits infinitely many such solutions (see 
Figure 1). Yet only one of these solutions 
corresponds to the value function of the 
optimal control problem for the shortest 
path to the boundary; this solution is rep-
resented in the left plot in Figure 1.

In the 1980s, Michael G. Crandall and 
Pierre-Louis Lions introduced the notion 
of the viscosity solution, providing a 
definitive existence and uniqueness theory 
[5]. The viscosity solution unequivocally 
selects the physically meaningful solution 
(i.e., the value function) from potentially 
infinite weak candidates. The name “vis-
cosity solution” arises from the charac-
terization of the solution by means of the 
vanishing viscosity method, which selects 
the unique solution by taking the limit as 
e ® 0 in the semilinear elliptic equation 
H x u u( , ) .∇ = ∆  An analogous char-
acterization of the viscosity solution regu-
lates the solution’s behavior at its nondif-
ferentiable kinks by testing the equation 
against smooth functions that touch the 
graph from above and below. In a typical 
case, including the one-dimensional (1D) 
Eikonal equation, the viscosity solution 
must be locally concave at any extremal 
point — a consequence of the vanishing 
viscosity limit.

Classical Numerical Methods
For decades, the standard approach to 

computing viscosity solutions has relied on 
fixed grids. In this framework, the com-
putational domain W is discretized into a 
Cartesian mesh, and the value function u x( ) 
is approximated by a function that is defined 
on the grid nodes. To ensure convergence to 
the correct viscosity solution, one must rely 
on the theory of Guy Barles and Panagiotis 
E. Souganidis, which guarantees that any 
finite difference discretization that satisfies 
monotonicity, consistency, and stability will 
converge to the unique viscosity solution [1].

However, classical monotone schemes 
are often limited to low-order accuracy. 

To achieve higher-order accuracy while 
handling discontinuities (kinks) robustly, 
essentially non-oscillatory (ENO) and 
weighted ENO (WENO) methods that are 
built on top of monotone schemes have 
become standard tools in this domain.

Prominent algorithms for boundary 
value problems include the fast march-
ing methods and fast sweeping methods. 
Crucially, these methods work because 
they strictly adhere to the DPP. In plain 
English, the DPP states that the optimal 
strategy from any point involves mak-
ing the best immediate decision and then 
proceeding optimally from the resulting 
new state [2]. The results are essentially 
one- or finite-pass (through the grid) algo-
rithms, where the grid acts as the medium 
through which the “optimality informa-
tion” propagates. For time-dependent 
problems with explicit time integration, 
the evolution is naturally one-pass.

The Curse of Dimensionality
While highly efficient in low dimensions 

(i.e., from one to three dimensions), grid-
based methods become infeasible in higher 
dimensions d  due to the increasing number of 
grid nodes, which grow exponentially with d .

This explosion is not merely due to the 
need to maintain resolution for the fine 
properties of the solution. The fundamental 
issue is that to propagate the causality that 
the DPP requires, grid nodes must exist 
everywhere in the domain to accumulate 
the running cost from the boundary to the 
interior in an orderly fashion as dictated 
by the system’s characteristics. Even if the 
solution is primarily smooth and fine detail 
resolution is only necessary in a small 
region, the grid must still fill the entire 
ambient space to serve as the “conduit” for 
information flow. For a six-dimensional 
state space—a humble requirement for a 
modern robotic system—a modest grid of 
100 points per dimension would require 
1012 nodes, rendering classical storage and 
computation intractable.

While representation formulas like 
Hopf-Lax or Cole-Hopf transformation 
exist for cases of HJ equations [6], and 
Riccati theory handles linear-quadratic 
cases, general nonlinear systems—espe-
cially those in robotics or games—require 
robust numerical approximations.

Residual Minimization  
and Neural Networks

To address these challenges, we turn 
to the representational power of artifi-
cial neural networks. The universality of 
deep neural networks ensures the efficient 
approximation of viscosity solutions to HJ 
equations, which—while lacking classical 
derivatives on the entire domain—are typi-
cally Lipschitz continuous. By parameter-
izing the solution with a neural network, we 
avoid grid dependencies and treat the solver 
as an optimization task, leveraging the com-
putational infrastructure of gradient-based 
learning and graphics processing units.

It is tempting to formulate this optimi-
zation by minimizing the PDE residual, a 
strategy that has gained immense popular-
ity through the development of physics-
informed neural networks (PINNs) [8]. 
In this framework, one would typically 
define a loss functional such as

( ) ( , ) ( ( ) ( )) .u H x u dx u z g z dz= ∇ + −∫ ∫Ω Γ

2 2l

( ) ( , ) ( ( ) ( )) .u H x u dx u z g z dz= ∇ + −∫ ∫Ω Γ

2 2l

However, for HJ equations, this direct 
residual minimization approach is fun-
damentally ill-posed; as the 1D Eikonal 
equation in Figure 1 demonstrates, there 
are infinitely many Lipschitz-continuous 
functions that satisfy the equation almost 
everywhere. Thus, the loss function cannot 
distinguish the unique viscosity solution 
from these spurious candidates.

Without a mechanism to enforce the 
entropy-like selection criteria of Crandall 
and Lions, a neural network that minimizes 
( )u  may easily converge to a “physically” 
incorrect, weak solution. To reliably recov-
er the value function, one must find a way 
to embed the viscosity solution’s selection 
principles directly into the loss functional.

A Grid-based  
Method Without Grids

We advocate for an alternative path: rath-
er than minimizing a continuous residual, 
we minimize a loss derived from a conver-
gent finite difference approximation [7]. The 
numerical diffusion in a suitable finite-differ-
ence approximation regularizes the solution 
and enforces the selection of the viscosity 
solution. In a consistent and monotone finite 
difference method, the viscosity selection 
criteria are naturally satisfied by the discreti-
zation itself. In this framework, the neural 
network is trained to minimize a loss func-
tional based on a numerical Hamiltonian Ĥ :


h h
u H x u x dx u z g z dz( ) | ˆ( , ( )) | | ( ) ( ) | ,= ∇ + −∫ ∫Ω Γ

2 2l


h h
u H x u x dx u z g z dz( ) | ˆ( , ( )) | | ( ) ( ) | ,= ∇ + −∫ ∫Ω Γ

2 2l

where Ñh  denotes a discrete gradient 
operator that is evaluated using a sten-
cil of size h . A particularly convenient 

Hamilton-Jacobi Equations, 
Finite Differences, and Neural Networks

Figure 1. Three weak solutions to the Eikonal equation | |ux = 1 with u u( ) ( ) .0 1 0= =  While multiple Lipschitz functions satisfy the equa-
tion almost everywhere (e.g., the dashed lines), only the solid profile is a viscosity solution. Standard residual minimization cannot distinguish 
between these candidates. Figure courtesy of the authors.

Figure 2. Three optimal trajectories of the pursuit-evasion game associated with two-car models. In the game, each agent steers a reversible 
vehicle under a minimal turning radius constraint. The boxes represent the initial position of the game, while the stars represent the end-game 
position. In the third case, the game enters in an infinite equilibrium loop. Figure courtesy of the authors. See Neural Networks on page 8
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choice is the Lax–Friedrichs discretiza-
tion, where Ĥ  incorporates a controlled 
amount of numerical diffusion to stabilize 
the system. With the right amount of diffu-
sion, one can ensure that gradient descent 
iterations applied to L h u( ) converge to the 
unique global minimizer [7].

We can show that, for more general 
classes of monotone discretizations, gra-
dient descent converges faster for larger 
values of h. [2]. Additionally, training with 
larger values of h. also tends to be more 
data efficient. So it is impractical to begin 
minimizing L h u( ) with a very small h.

At the same time, we are interested in a suf-
ficiently accurate finite-difference approxi-
mation of the viscosity solution. Crucially, 
one can employ a multilevel “warm-start” 
strategy. While the loss is defined using 
finite-difference stencils, the method remains 
grid-free. We do not solve a system on a 
fixed mesh; instead, we minimize the loss 
using stochastic gradient descent, in which 
we sample collocation points x across the 
domain and evaluate the finite difference 
Ñh u x( ) on the fly. By first training the neu-
ral network with a larger h., we achieve faster 

Neural Networks
Continued from page 7

initial convergence. Then, we progressively 
refine the discretization by decreasing h. and 
continue the training to find a more accu-
rate approximation of the viscosity solution. 
Training using this hierarchical approach 
typically requires only a few minutes on 
a standard laptop to compute high-fidelity 
value functions for some nontrivial model 
systems, such as the four-dimensional pur-
suit-evasion game for two Reeds-Shepp’s car 
models (see Figure 2, on page 7).

Theory-informed Learning
Reflecting on these developments, we 

see that the success of neural network-
based solvers for HJ equations relies on 
more than approximation power; it requires 
a deliberate connection to the underlying 
theory of viscosity solutions. While the 
standard residual-minimization approach 
is a powerful general framework, the spe-
cific non-uniqueness of HJ weak solutions 
necessitates a selection principle to recover 
the value function. By incorporating mono-
tone discretizations directly into the loss 
functional, we bridge the convergence the-
ory of classical numerical analysis with the 
scalability of modern deep learning.

This framework suggests a promising 
path forward for high-dimensional prob-

lems. Based on the mathematical foun-
dations of Crandall-Lions and Barles-
Souganidis, similar strategies should be 
applicable to viscous HJ equations in sto-
chastic optimal control and other challeng-
ing fully nonlinear or degenerate elliptic 
operators. Ultimately, by using structural 
insights from numerical analysis to guide 
the optimization of neural networks, we can 
make complex, high-dimensional control 
tasks accessible on standard hardware — 
without the memory bottlenecks of the past.
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By Dante Kalise

Alberto Padoan is an assistant professor 
in the Department of Electrical and 

Computer Engineering at the University 
of British Columbia and the creator of 
inControl,1 the first podcast dedicated to 
control theory. Since its launch in 2022, 
the show has grown into a global platform 
reaching over 150,000 listeners across 
more than 150 countries. 

Dante Kalise recently spoke with 
Alberto Padoan to discuss how he built 
his platform and what four seasons of sto-
rytelling have taught him about research, 
creativity, and the future of science com-
munication in control theory. Here they 
share their conversation with SIAM News.

Dante Kalise: inControl describes itself 
as “the first podcast on control theory.” 
What prompted you to start it in 2022?

Alberto Padoan: The origin story is 
disarmingly simple. The podcast idea start-
ed with the simple observation that every 
technical field I admired had found its way 
into podcasting—physics, neuroscience, 
machine learning—except ours. During my 
postdoctoral appointment at the University 
of Cambridge in 2018, I first floated the idea 
while walking to lunch with colleagues. One 
of them replied: “Who do you think would 
ever listen to you?” A fair challenge, honest-
ly. But the question wouldn’t go away. For 
quite some time, I kept waiting for someone 
better positioned, more media-savvy, and 
simply less shy, to launch it. Time went 
by, but the podcast did not materialize. 
Eventually, I realized that waiting was its 
own kind of answer — if the podcast was 
going to exist, it would have to start with 
someone willing to just begin. The pandem-
ic created a strange window for slow-burn-
ing ideas, and with the encouragement of my 
supervisors at ETH Zürich and the backing 
of the National Centres of Competence in 
Research (NCCR) Automation,2 inControl 
went from a passing remark on Trumpington 
Street to a real project. 

One thing that genuinely motivated me 
from the start was the promise of a legiti-
mate reason to sit with people I deeply 
admired and ask the kinds of questions 
that never quite fit into a conference panel 
Q&A.

1  https://www.incontrolpodcast.com/
2  https://nccr-automation.ch/

or news; they want narrative, context, and 
the longer arc of how ideas came to be. 

On a more personal level, hosting the show 
has sharpened my thinking about what shapes 
a successful research career. I’ve become 
increasingly convinced that luck plays a 
larger role than we typically admit; perhaps 
half the story is being in the right place when 
the right question appears, but the other 
half seems to be preparation and a broad, 
genuine curiosity that lets you recognize and 
respond to those moments when they arrive. 
Creativity seems to live at that intersection, 
where deep expertise in some areas meets 
wide-ranging intellectual restlessness.

DK: Who listens? Have you had feed-
back from students, practitioners, people 
outside the field entirely?

AP: The reach has genuinely astonished 
me. inControl is accessed by over 150,000 
listeners across more than 150 countries 
and territories, numbers I never imagined 
when I recorded that first episode. The 
core audience is in Europe and North 
America, but there’s meaningful and 
growing engagement from Asia, Africa, 
Oceania, and South America. What moves 
me most is the breadth: I hear from Ph.D. 
students looking for perspective, senior 
researchers reconnecting with the broader 
motivations behind their work, and people 
from entirely different fields who sim-

ply stumbled in and stayed. The project 
started as an attempt to build the kind of 
conversation I wished had existed when I 
was a student. Discovering that so many 
others felt the same need has been one of 
the most rewarding surprises of my career.

DK: What’s next for inControl?
AP: If bandwidth were unlimited, the list 

would be long: short-form research explain-
ers, collaborative annotation platforms in 
the spirit of Fermat’s Library,3 and deeper 
integration with the emerging AI tools that 
are reshaping how we communicate research. 
The landscape for science outreach is evolv-
ing rapidly, and I find that genuinely exciting. 

In practice, with two young children at 
home and a new position that comes with 
its own set of responsibilities, I have to be a 
bit more deliberate about where the energy 
goes. But the core motivation hasn’t changed 
since that walk to lunch in Cambridge: con-
trol deserves a voice that matches the scale 
of its impact. The audience is there, the task 
now is simply to keep building.

Dante Kalise is an associate professor 
in computational optimization and control 
at Imperial College London. His research 
focuses on computational methods for 
optimal control.

3  https://fermatslibrary.com/

DK: Your episodes range from histor-
ical portraits to interviews with leading 
researchers. How do you decide what 
an episode should be, and who are you 
aiming to reach?

AP: Our field has no shortage of remark-
able stories; I could record for years and 
barely scratch the surface. My guiding prin-
ciple is to follow my own curiosity. I tend 
to pursue questions that genuinely fascinate 
me, and more often than not, that personal 
investment seems to resonate with others. 

As for the audience, that is the easy one: 
inControl is meant to serve as a global 
channel for anyone drawn to systems and 
control, from researchers and students 
to control aficionados and the genuinely 
curious from adjacent fields. 

DK: Control theory sits somewhat 
in the background compared to, say, 
machine learning in public scientific 
discourse. Do you see inControl as a cor-
rective to that?

AP: I wouldn’t call it corrective, more of 
a complement. Machine learning deserves 
enormous credit for the way it communi-
cates its impact; those advances are real and 
tangible. But I do think control has histori-
cally underplayed its hand. We are behind 
some of the most extraordinary engineering 
achievements of our time, from reusable 
rockets to robots performing acrobatic feats, 
and, somewhat ironically, the semiconductor 
fabrication processes that make modern arti-
ficial intelligence (AI) physically possible. 
Control is also behind the quieter but equally 
profound advances in quantum technologies 
and systems biology. There is absolutely 
no reason for an inferiority complex. What 
I hope inControl demonstrates is that when 
you give these stories the space and narrative 
they deserve, people pay attention. The appe-
tite is there, we just need to meet it with the 
same confidence and craft that other fields 
have brought to their public presence.

DK: After 42 episodes and four sea-
sons, has any episode surprised you in 
terms of the response it got or something 
that you learned while making it?

AP: Constantly. The biggest surprise 
was the appetite for depth. The most 
listened-to episode isn’t a conversation 
with a prominent guest, it’s usually a deep 
dive into a given topic, say the prehistory 
of control. That tells me something impor-
tant: people aren’t just looking for names 

The inControl Podcast: Building a  
Global Audience for Control Theory

Alberto Padoan (left) and Alessandro Chiuso (right), professor of automatic control at the 
University of Padova, during the recording of an inControl podcast episode. Photo courtesy 
of Alberto Padoan. 
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By Belgis Ainatul Iza and  
Annisa Rahmita Soemarsono

The continued advancement of math-
ematics plays a fundamental role 

in supporting technological innovation, 
intelligent systems, and sustainable devel-
opment across the globe. Recognizing 
the importance of such advancement, 
the International Mathematical Union1 
(IMU) strengthens mathematical capacity 
worldwide by providing targeted funding 
programs that support graduate students, 
early-career researchers, and institutions 
to ultimately foster strong, sustainable 
mathematical communities. 

The Commission for Countries2 (CDC) 
at the IMU specifically aims to provide 
financial support for research in develop-
ing and middle-income countries. One 
of the CDC’s flagship initiatives is the 
Graduate Research Assistantships in 
Developing Countries (GRAID) Program.3 
Established in 2017, the GRAID Program 
offers modest but strategic financial sup-
port to emerging research groups in coun-
tries that are classified under Priority 1 
or 2 according to the IMU’s “Definition 
of Developing Countries.”4 The initiative 
allows talented master’s and Ph.D. stu-

1  https://www.mathunion.org
2  https://www.mathunion.org/activities/

commission-developing-countries-cdc
3  https://www.mathunion.org/cdc/grants/

GRAID
4  https://www.mathunion.org/cdc/about-

cdc/definition-developing-countries

Compensation for Delivery Quadcopters,” 
is highly relevant to Indonesia’s nation-
al research agenda, particularly in the 
fields of intelligent transportation systems, 
autonomous vehicles, and smart logistics.

Annisa Rahmita Soemarsono
In contrast to Iza’s research, I study the 

application of fuzzy optimal control meth-
ods for robotic manipulator systems with 
two degrees of freedom; my dissertation is 
titled “Fuzzy Optimal Control Problem in 
Fuzzification and Defuzzification Processes 
(Case Study: Manipulator System on a Sea 
Ship).” This work has strong potential 
applications in marine mechatronics and 
ship-based robotic systems for surveillance 
and maritime defense, which is an area of 
strategic importance for an archipelagic 
country like Indonesia.

Financial Challenges  
of Doctoral Research

Despite having strong academic back-
grounds, we both faced significant finan-
cial constraints prior to receiving the 
GRAID funding that affected our abil-
ity to focus fully on doctoral research. 
Although we both received some scholar-

ships from outside agencies—Iza from a 
Fresh Graduate Scholarship at ITS and 
Soemarsono from the National Research 
and Innovation Agency6—these funds 
only covered tuition fees and did not 
include support for living expenses or 
research activities. This meant taking on 
teaching and tutoring responsibilities to 
support our studies, which significantly 
reduced the time and energy that we could 
devote to research.

At the time of our GRAID application, 
neither of us received financial support 
from private foundations, industrial insti-
tutions, or other international programs. 
The GRAID scholarship thus played a 
vital role in easing financial pressure and 
enabling us to pursue research in a full-
time capacity.

A Strong Foundation in 
Mentoring, Leadership, and 
International Collaboration

We first learned about GRAID through 
the coordinator of the doctoral study pro-
gram at ITS, who recognized the align-
ment between GRAID’s objectives and 

6  https://www.brin.go.id/en

dents to pursue their studies on a full-time 
basis as graduate research assistants in 
mathematics while simultaneously partici-
pating in an active research environment 
with a local principal investigator (PI) and 
an international partner (IP).

In 2025, a total of five doctoral stu-
dents in three research groups5 received 
the prestigious GRAID scholarship. We, 
Belgis Ainatul Iza and Annisa Rahmita 
Soemarsono, are honored to be the first 
students from Sepuluh Nopember Institute 
of Technology (ITS) in Indonesia to receive 
financial support from SIAM through the 
GRAID Program. Through this opportu-
nity we were able to work under the direc-
tion of PI Mardlijah Mardlijah of ITS and 
IP Zhai Guisheng of Shibaura Institute of 
Technology in Japan. Not only are we hon-
ored to receive financial support, we feel 
that programs such as these represent the 
collective strengthening of applied math-
ematics research capacity in Indonesia 
through international collaboration.

Belgis Ainatul Iza
My research lies at the intersection 

of applied mathematics and control sys-
tems, investigating the development of 
intelligent control algorithms based on 
fuzzy logic and extended Kalman fil-
ters (EKFs) for unmanned aerial vehicle 
delivery systems. My doctoral disserta-
tion, titled “Designing Fuzzy-PID Control 
With Robust EKF and Measurement 

5  https://www.mathunion.org/cdc/grants/
GRAID/awardees-2025

Reflections on the Graduate Research 
Assistantships in Developing Countries Program: 
A Journey of Two Doctoral Awardees

From left to right: Annisa Rahmita Soemarsono, Belgis Ainatul Iza, Zhai Guisheng (on screen), 
and Mardlijah Mardlijah meet to prepare an article submission. Photo courtesy of Annisa 
Rahmita Soemarsono.

Take Advantage of 
SIAM’s Visiting Lecturer Program

Hearing directly from working professionals about research, career opportuni-
ties, and general professional development can help students gain a better 

understanding of the workforce. SIAM facilitates such interactions through its 
Visiting Lecturer Program (VLP), which provides the SIAM community with a ros-
ter of experienced applied mathematicians and computational scientists in academia, 
industry, and government. Mathematical sciences students and faculty—including 
SIAM student chapters—can invite VLP speakers to their institutions to present 
about topics that are of interest to developing professional mathematicians. Talks 
can be given in person or virtually.

The SIAM Education Committee1 sponsors the VLP and recognizes the need for 
all members of our increasingly technological society to familiarize themselves with 
the applications and achievements of mathematics and computational science.

Points to consider in advance when deciding to host a visiting lecturer include the 
choice of dates; potential speakers and topics; and any additional or related activities, 
such as follow-up discussions. Organizers can reach out directly to speakers and must 
address these points when communicating with them. It is important to familiarize 
lecturers with their audience—including special interests or expectations—so that 
they can refine the scope of their talks, but just as crucial to accommodate speakers’ 
suggestions so the audience can capitalize on their experience and expertise. Read 
more about the program and view the current list of participants on the VLP webpage.2

1  https://www.siam.org/get-involved/connect-with-a-community/committees/
education-committee

2  https://www.siam.org/programs-initiatives/programs/visiting-lecturer-program

See Two Doctoral Awardees on page 10



10 • May 2026 SIAM NEWS 

By Tamara G. Kolda

The scholarly ecosystem is based on a 
contract of trust between authors, edi-

tors, referees, and readers of scientific pub-
lications. Although it may appear as though 
the diligent SIAM editors and referees are 
checking every detail of every submission, 
they are not and have never been expected 
to do so. Here, for instance, is some guid-
ance that the SIAM Journal on Mathematics 
of Data Science1 gives to its referees:

A referee is expected to read the paper with sufficient 
care to be confident that it is mathematically sound. 
Nevertheless, it is not necessary to check every detail. 
The author has final responsibility for the content.

It is impossible for a referee to check 
every line of every proof, every algorithm, 
every experiment, and every reference. They 
spend just a few hours evaluating work 
that is not their own and potentially outside 
their exact specialty; in contrast, authors are 
experts in their own work and have spent 
months or years developing it. Consequently, 
significant trust is placed in SIAM authors 
for the content of their submissions. There is 
an expectation that they will meet or exceed 
the usual standards of responsible scholar-
ship, and, in general, they do!

However, there are rising concerns as 
researchers more frequently incorporate 
artificial intelligence (AI) tools into their 
work. Although there is no doubt that AI 
can be beneficial to scientific research 
endeavors, AI misuse can result in poor 
scholarship which inevitably hurts other 
researchers and negatively impacts the pro-
fession as a whole. Not only does it demand 
more time from referees and editors, but 
any mistakes that make it past review (as 
they invariably do) proliferate confusion. 
It is hard enough to read a mathematical 

1  https://epubs.siam.org/journal/simods/
instructions-for-referees

their use per se, but we insist upon respon-
sible use and appropriate disclosures.

AI and Poor Scholarship
There are several common failure 

modes that researchers should be aware of 
when utilizing AI. AI tools can generate 
impressive text, code, and even math-
ematical proofs, but because their outputs 
generally appear highly plausible—thanks 
to their training on vast amounts of data—
underlying and significant errors may be 
difficult to detect. Therefore, we encour-
age both users of AI tools and those who 
review their work, such as research super-
visors, to be aware of these failure modes 
and to check for them carefully. Here, we 
mention a few of the most common failure 
modes, but this list is not exhaustive.

•  Fabricated references: This may 
mean references that do not exist, have 
incorrect titles or author lists, and so on. 
It can also mean citing a result that is not 
actually in the cited paper [2, 3].

•  Unattributed appropriation of sci-
entific ideas: AI tools contain vast troves of 

unattributed information, and they can eas-
ily produce ideas, including key mathemati-
cal and algorithmic innovations, that are not 
properly credited to original sources [1, 8]. 

•  Mathematical and coding errors: 
AI tools can produce mathematical content 
and code that appears correct but contains 
subtle errors that can fool all but the most 
knowledgeable experts. This is difficult to 
precisely study, but see [7] for discussion.

•  Inaccurate figures: AI tools may 
generate artificial data or improperly 
graph real data, leading to figures that are 
inaccurate or misleading [4, 10, 11].

Referee Usage of AI Tools
Referees play a crucial role in our 

scholarly community; their critical feed-
back enables editors to identify the most 
significant scientific contributions to our 
journals. Additionally, referee feedback 
can be invaluable to authors by offering 
them significant ways to improve their 
work. Referee use of AI tools is another 
area of growing concern [5].

paper, but it is even harder when there are 
mistakes. This leads to wasted time and 
effort for readers and can ultimately dam-
age the reputation of the field [6, 9, 12, 13]. 

A particular issue is the rise of fabri-
cated references. These have been docu-
mented both in pulished scientific works 
[6,9], and observed in submissions to 
SIAM journals. A recent report [2] eluci-
dated the hazards of hallucinated citations: 

The appearance of AI-generated hallucinated cita-
tions in peer reviewed literature represents a funda-
mental challenge to the integrity of scientific discourse. 
Citations serve as the evidentiary foundation of schol-
arly work, establishing what prior research has dem-
onstrated, enabling reproducibility, and situating new 
contributions within existing knowledge. When cita-
tions are fabricated, these epistemic functions collapse. 
Readers cannot verify claims attributed to nonexistent 
sources. Future researchers waste time searching for 
papers that were never published. The citation graph 
that structures scientific knowledge becomes contami-
nated with false linkages.

Fabricated references are just one way 
that AI is eroding the trust in scientific 
literature, and it is incumbent upon all of 
us to take responsibility for maintaining the 
integrity of our work and our field.

Author Usage of AI Tools
SIAM authors (all of whom must be 

human) may use AI tools, provided that 
they properly disclose their usage per the 
SIAM Publications AI Policy.2 AI tools can 
be extremely useful for a variety of tasks; 
SIAM authors have successfully used AI 
tools for finding related literature, develop-
ing proofs and algorithms, coding, running 
experiments, and getting feedback on drafts. 
AI tools can be a powerful aid to research 
and scholarship, hence we do not discourage 

2  https:/ /epubs.siam.org/art if icial- 
intelligence

A Contract of Trust: Artificial Intelligence 
Usage for SIAM Journal Submissions

the needs of doctoral researchers such as 
ourselves. We submitted our application 
as a collaborative proposal with a strong 
supervisory structure and an established 
international partnership. 

The involvement of Mardlijah as PI and 
Guisheng as IP reflect the GRAID philoso-
phy of strengthening local research ecosys-
tems through sustained international engage-
ment. Mardlijah is a senior lecturer at ITS 
who leads the Laboratory of Mathematical 
Modeling and System Simulation. She has 
more than 30 years of experience supervis-
ing students across the undergraduate, mas-
ter, and doctoral levels, many of whom have 
become lecturers and researchers at leading 
universities across Indonesia or applied their 
expertise in industry.

Mardlijah’s mentoring philosophy 
emphasizes not only academic excellence 
but also research productivity and long-
term scholarly development. Students 
under her supervision are actively 

involved in scientific writing, conference 
presentations, international networking, 
and collaborative research in areas like 
autonomous system control, intelligence 
control, fuzzy logic modeling, estimation 
theory, and renewable energy — fields 
that are increasingly relevant to modern 
engineering and technological challenges.

Beyond allowing us to work with such 
a supportive PI, a key strength of the 
GRAID Program lies in its inclusion of 
a qualified IP to fortify each project’s 
global reach. Guisheng, who previously 
served as an adjunct professor at ITS, is 
a leading expert in control theory whose 
expertise is especially relevant to our 
specific dissertation topics. Iza’s work on 
EKF-based fuzzy-proportional-integral-
derivative control for quadcopters close-
ly aligns with Guisheng’s research in 
decentralized control, H-infinity control, 
and the stabilization of dynamic systems. 
Similarly, Soemarsono’s exploration of 
fuzzy optimal control for manipulator 
systems overlaps with Guisheng’s con-
tributions to adaptive control algorithms 

and optimization-based control systems in 
robotics and mechatronics.

Guisheng has expressed his intention 
to continue to mentor us both through 
our doctoral journeys. Support from the 
GRAID Program will augment this col-
laboration, providing access to an inter-
national research ecosystem; significantly 
enhancing the quality and impact of our 
research outputs; and improving research 
capacity, knowledge exchange, and 
international visibility in Indonesia and 
beyond.

Global Networking 
and Capacity Building

In addition to providing financial support, 
GRAID fosters global networking oppor-
tunities among awardees and researchers. 
The annual CDC Webinar 2025,7 is one 
such example. The event focused on the 
Volunteer Lecturer Program8 and allowed 
host institutions and international lecturers 
to share their experiences. It also intro-
duced CDC activities that correspond with 
the upcoming 2026 International Congress 
of Mathematicians,9 which will take place 
in Philadelphia, Pa., in late July and offer 
further opportunities for global engagement.

Participation in the webinar and other 
like-minded activities allows us and other 
GRAID awardees to connect with math-
ematicians around the world, exchange 
ideas, and establish collaborations beyond 
their immediate research groups.

7  https://www.mathunion.org/cdc/news-
and-events/2025-11-03/cdc-webinar-2025-
held-november-3-2025

8  https://www.mathunion.org/cdc/grants/
grants-institutions/VLP

9  https://www.mathunion.org/icm/icm-
2026

Clockwise from top left: Annisa Rahmita Soemarsono, Belgis Ainatul Iza, Mardlijah Mardlijah, 
and Zhai Guisheng meet for preliminary discussions for publishing a research article. Image 
courtesy of Annisa Rahmita Soemarsono.

Two Doctoral Awardees
Continued from page 9 

Looking Ahead
Taking part in the GRAID Program 

marked a turning point in our doctoral jour-
neys. The support enabled us to completely 
devote our time to research, contribute to 
the advancement of applied mathematics 
with both national and global relevance, 
and pursue international collaborations 
that would otherwise be inaccessible.

More broadly, GRAID signifies the 
importance of sustained international sup-
port when building research capacity in 
developing countries. Through funding ini-
tiatives like GRAID, the IMU and SIAM 
continue to play a strategic role in nurturing 
future leaders in mathematics and ensur-
ing that mathematical research contributes 
meaningfully to global scientific progress.

Belgis Ainatul Iza is a mathematics Ph.D. 
candidate at Sepuluh Nopember Institute 
of Technology (ITS). She specializes in 
mathematical modeling, control systems, 
and state estimation for high-dimensional 
dynamic systems. Her research advanc-
es autonomous aerial system control 
through the development of robust and 
intelligent estimation-control frameworks, 
integrating adaptive filtering and data-
driven approaches, while her teaching in 
data science bridges rigorous mathemati-
cal theory with real-world applications. 
Annisa Rahmita Soemarsono is a math-
ematics Ph.D. candidate at ITS specializing 
in systems and control, particularly optimal 
control theory and fuzzy concepts, and 
her research contributes to the theoretical 
development of fuzzy optimal control prob-
lems and their implementation in real-world 
plants. Her teaching in applied mathemat-
ics focuses on fundamental mathematical 
concepts, such as calculus and differential 
equations, and their applications across 
various practical contexts.

Irresponsible usage of artificial intelligence for scientific literature is growing, often leading to 
fabricated references and erroneous results. Image courtesy of SIAM. 

See Contract of Trust on page 12
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Because of the confidential nature of 
referee work, SIAM currently prohibits 
its referees from using AI tools. SIAM 
is exploring how AI tools might support 
referees in the future. We would stress, 
however, that these tools may only be 
used to assist them in their work. It might 
be used for tasks such as replicating com-
putational experiments, filling in steps in 
a proof, or finding related works. A key 
ingredient in the scholarly contract is that 
referee reports are based on the expertise 
and judgement of the referees themselves.

Penalties for  
Irresponsible AI Usage

Because we operate on a contract of 
trust, poor scholarship in any part of a man-
uscript makes everything suspect. How can 
we trust the mathematical content if some 
of the references are fabricated? How do 
we make sense of the results if the figures 
are nonsensical? Even if the primary con-
tent appears to be correct, poor scholarship 
in other parts of the manuscript can under-
mine confidence in the work as a whole.

For this reason, SIAM editors and refer-
ees may reject an article for poor scholar-
ship, even if there is no specific technical 
error. SIAM may impose additional penal-
ties, such as a ban on future submissions 
to SIAM publications. We highlight two 
areas that have already resulted in author 
integrity investigations at SIAM:

1. Increasing numbers of fabricated 
references are appearing in SIAM submis-
sions. We expect that we’ve only found 
the tip of the iceberg, as articles with 
fraudulent references have thus far only 

come to light by happenstance, such as a 
referee finding their own name attached to 
a reference they didn’t write. Fabricated 
references are a serious violation of aca-
demic integrity. If we discover that sub-
mitted content (including work that has 
already been published) contains fabri-
cated references, the consequences will 
include banning the authors from sub-
mitting to SIAM publications for a 
minimum of one year.

2. Substandard submissions are increas-
ing, apparently due to the ease of creat-
ing mathematical papers with the help of 
AI. Substandard submissions consist of 
papers that fail to clarify their mathemati-
cal contributions, are very far outside the 
journal scope, have limited mathemati-
cal substance, have pages of equations 
without context, contain incoherent or 
incorrect arguments, or have insufficient 
or inappropriate references. We certainly 
understand that even excellent authors 
have occasional weak papers, and we 
do not intend to penalize authors for a 
single substandard submission. However, 
authors that repeatedly submit low-quality 
work at a high rate will be subject to a ban 
from submitting to SIAM publications 
for a minimum of one year.

Key Takeaways
Responsible use of AI is essential to 

maintaining the integrity of our journals 
and our scientific work. We ask that SIAM 
authors continue to maintain their usual 
highest standards in their research, extend-
ing this to the new domain of research 
assisted by AI. Further, we encourage 
conversations on this topic with coauthors 
and colleagues, sharing best practices and 

maintaining alertness to potential prob-
lematic usage of AI.

For those that want to explore the broader 
impact that irresponsible use of AI tools has 
on scientific literature, we recommend read-
ing through the references provided. 
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Contract of Trust 
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By Malena Español, Danny 
Dunlavy, Frederic Marazzato,  and 
Tonatiuh Sánchez-Vizuet

In January 2026, SIAM approved the 
formation of the Southwest Section of 

SIAM1 (SIAM-SW) to support the applied 
mathematics community in Arizona, 
Nevada, and New Mexico. This section’s 
creation reflects a shared goal of strengthen-
ing connections among universities, national 
laboratories, industry professionals, and stu-
dents across the Southwest region of the U.S.

From the beginning, SIAM-SW’s goal 
has been clear: build an inclusive, sustain-
able regional network that promotes applied 
mathematics and fosters valuable profes-
sional relationships. The Southwest is home 
to many prominent research universities, 
national laboratories, and federal research 
sites, as well as a rapidly growing student 
population; however, geographic distances 
between institutions limit regular interaction. 
This new section seeks to bridge these gaps.

To celebrate its launch, SIAM-SW 
is organizing a minisymposium titled 
“Research Highlights from the Southwest 
Section of SIAM” at the SIAM Annual 
Meeting2 (AN26) in Cleveland, Ohio, this 
summer. This minisymposium will consist 
of three parts, each focusing respectively 
on (1) inverse problems, (2) mathematical 
biology, and (3) numerical analysis and 
partial differential equations — fields that 
showcase the region’s intellectual diversity 
and applied strength. The minisymposium 
has two main goals. First, it provides an 
early opportunity for members of the newly 
formed section to meet, share ideas, and 

1  https://www.siam.org/get-involved/ 
connec t -wi th -a -communi ty / sec t ions / 
southwest-section-of-siam/

2  https://www.siam.org/conferences-
events/siam-conferences/an26/

and colleagues to visit the SIAM-SW 
website3 for news, announcements, and 
opportunities to get involved. SIAM mem-
bers with primary addresses in Arizona, 
Nevada, or New Mexico are warmly 
encouraged to join the Southwest Section 
through the SIAM website and become a 
part of this expanding regional community. 

Acknowledgments: From its earliest dis-
cussions, the formation of SIAM-SW ben-
efited from the involvement of colleagues 
across SIAM. The founding officers of 
SIAM-SW especially thank Noemi Petra 
for her generous guidance and consistent 
encouragement throughout the process. We 
also greatly appreciate the early leadership 
and insightful input of Cynthia Phillips—
SIAM’s current president-elect—whose 
enthusiasm for strengthening regional 
communities helped shape the section’s 
initial vision. Additionally, we thank Ratna 
Khatri, Annalisa Quaini, John Zweck, and 

3  https://sites.google.com/view/southwest- 
section-of-siam

Roy Goodman for sharing their experiences 
from established SIAM sections, as well as 
Jimmie Adriazola, Donatella Danielli, and 
Rosemary Renaut for their valuable early 
conversations that helped lay the ground-
work for the SIAM-SW.
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of computational mathematics in the School 
of Mathematical and Statistical Sciences at 
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chair of Southwest Section of SIAM (SIAM-
SW). Danny Dunlavy is a Distinguished 
Member of Technical Staff in the Center for 
Computing Research at Sandia National 
Laboratories and serves as vice chair 
of SIAM-SW. Frederic Marazzato is an 
assistant professor in the Department of 
Mathematical Sciences at the University of 
Nevada, Las Vegas, and serves as SIAM-
SW’s treasurer. Tonatiuh Sánchez-Vizuet 
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in the Department of Mathematics of the 
University of Arizona. Sánchez-Vizuet 
serves as secretary for SIAM-SW. 

begin shaping future activities. Second, it 
highlights to the broader SIAM community 
the depth and vibrancy of applied math-
ematics research in the Southwestern U.S.

Beyond the inaugural event at AN26, 
SIAM-SW is already planning its first sec-
tion conference for the spring of 2027. 
Although the host institution has yet to be 
decided, the goal is to hold an annual meet-
ing that rotates through Arizona, Nevada, 
and New Mexico, strengthening ties among 
institutions and increasing participation 
from students and early-career researchers. 
A key focus will be accessibility, making 
sure that those unable to attend national 
conferences still have opportunities to pres-
ent their work, build networks, and connect 
with industry and laboratory scientists.

Looking ahead, SIAM-SW aims to 
strengthen connections among sections 
nationwide. Informal gatherings of dif-
ferent section officers at AN26, regular 
cross-section discussions, and shared pro-
gramming ideas can foster collaboration 
and increase the impact of regional efforts. 
The Southwest Section enthusiastically 
welcomes opportunities to co-organize 
activities, exchange speakers, and develop 
inter-sectional initiatives that benefit the 
broader applied mathematics community.

At its core, SIAM-SW is about connect-
ing institutions, disciplines, and career 
stages. By establishing a strong regional 
foundation, we aim to support SIAM’s 
broader mission to advance the use of 
mathematics in industry and science, 
encourage fundamental research, and fos-
ter the exchange of ideas.

The Southwest has long been a hub of 
scientific innovation and collaboration. 
With the establishment of SIAM-SW, the 
region now has a formal structure through 
which its applied mathematics community 
can connect, grow, and contribute more 
visibly to SIAM. We encourage members 

Founding officers of the Southwest Section of SIAM meet to discuss the section’s launch. 
Clockwise from top left: Frederic Marazzato, Malena Español, Tonatiuh Sánchez-Vizuet, and 
Danny Dunlavy. Image courtesy of Malena Español. 

Southwest Section of SIAM Launches  
With Vision for Regional Collaboration
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Upcoming Deadlines
SIAM Conference on 
Discrete Mathematics (DM26) 
June 22–25, 2026 | San Diego, California, U.S. 
siam.org/dm26 | #SIAMDM26  
ORGANIZING COMMITTEE CO-CHAIRS 
Vida Dujmovic, University of Ottawa, Canada 
Jacques Verstraete, University of California, San Diego, U.S.
EARLY REGISTRATION RATE DEADLINE    
May 26, 2026
HOTEL AND TRANSPORTATION INFORMATION    
Visit conference website for additional information.

The following conferences will be held jointly:

2026 SIAM Annual Meeting (AN26)
July 6–10, 2026 | Cleveland, Ohio, U.S. 
siam.org/an26 | #SIAMAN26  
ORGANIZING COMMITTEE CO-CHAIRS 
Daniela Calvetti, Case Western University, U.S. 
Charles Wampler, University of Notre Dame, U.S.

SIAM Conference on the 
Life Sciences (LS26)
July 6–9, 2026 | Cleveland, Ohio, U.S. 
siam.org/ls26 | #SIAMLS26  
ORGANIZING COMMITTEE CO-CHAIRS 
Karin Leiderman, University of North Carolina at Chapel Hill, U.S. 
Nessy Tania, Pfizer Research & Development, U.S.

SIAM Conference on 
Mathematics of Planet Earth (MPE26)
July 6–8, 2026 | Cleveland, Ohio, U.S. 
siam.org/mpe26 | #SIAMMPE26  
ORGANIZING COMMITTEE CO-CHAIRS 
Kenneth Golden, University of Utah, U.S. 
Kara Peterson, Sandia National Laboratories, U.S.

SIAM Conference on 
Applied Mathematics Education (ED26)
July 9–10, 2026 | Cleveland, Ohio, U.S. 
siam.org/ed26 | #SIAMED26  
ORGANIZING COMMITTEE CO-CHAIRS 
Ariel Cintron-Arias, Catawba College, U.S. 
Maeve McCarthy, Murray State University, U.S.

EARLY REGISTRATION RATE and HOTEL RESERVATION DEADLINE 
FOR AN26, LS26, MPE26, and ED26: 
June 8, 2026

Information is current as of April 23, 2026. 
Visit www.siam.org/conferences for the most up-to-date information.

conferencesconferences

Mark your calendar!
The following conferences are co-located in Salt Lake City, Utah, U.S.:

SIAM Conference on Mathematics of Data Science (MDS26)
siam.org/mds26 | #SIAMMDS26 | November 16–20 , 2026

https://www.siam.org/conferences-events/siam-conferences/mds26/submissions/

SIAM Conference on Imaging Science (IS26)
siam.org/is26 | #SIAMIS26 | November 16–19, 2026

https://www.siam.org/conferences-events/siam-conferences/is26/submissions/

SIAM International Conference on Data Mining (SDM26)
siam.org/sdm26 | #SIAMSDM26 | November 19–20, 2026

https://www.siam.org/conferences-events/siam-conferences/sdm26/submissions/

Visit the conference webpages for additional information.

Upcoming SIAM Events  
SIAM Conference on Nonlinear Waves  
and Coherent Structures  
May 26–29, 2026 
Montréal, Québec, Canada 
Sponsored by the SIAM Activity Group on 
Nonlinear Waves and Coherent Structures

SIAM Conference on Optimization  
June 2–5, 2026 
Edinburgh, United Kingdom 
Sponsored by the SIAM Activity Group on 
Optimization

SIAM Conference on Discrete 
Mathematics  
June 22–25, 2026 
San Diego, California, U.S. 
Sponsored by the SIAM Activity Group on  
Discrete Mathematics

SIAM Conference on  
Mathematics of Planet Earth  
July 6–8, 2026 
Cleveland, Ohio, U.S. 
Sponsored by the SIAM Activity Group on 
Mathematics of Planet Earth

SIAM Conference on the Life Sciences 
July 6–9, 2026 
Cleveland, Ohio, U.S. 
Sponsored by the SIAM Activity Group on Life 
Sciences

2026 SIAM Annual Meeting 
July 6–10, 2026 
Cleveland, Ohio, U.S.
SIAM Conference on Applied 
Mathematics Education 
July 9–10, 2026 
Cleveland, Ohio, U.S. 
Sponsored by the SIAM Activity Group on Applied 
Mathematics Education

SIAM Conference on  
Mathematics of Data Science  
November 16–20, 2026 
Salt Lake City, Utah, U.S. 
Sponsored by the SIAM Activity Group on Data 
Science

SIAM Conference on Imaging Science  
November 16–19, 2026 
Salt Lake City, Utah, U.S. 
Sponsored by the SIAM Activity Group on Imaging 
Science

SIAM International Conference on  
Data Mining  
November 19–20, 2026 
Salt Lake City, Utah, U.S. 
Sponsored by the SIAM Activity Group on Data 
Science

ACM-SIAM Symposium on Discrete 
Algorithms
January 24–27, 2027
Philadelphia, Pennsylvania, U.S.
Sponsored by the SIAM Activity Group on Discrete 
Mathematics

SIAM Symposium on Algorithm 
Engineering and Experiments
January 24–25, 2027
Philadelphia, Pennsylvania, U.S.
SIAM Symposium on Simplicity in 
Algorithms
January 25–26, 2027
Philadelphia, Pennsylvania, U.S.
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SIAM Section Activities and Updates
Read below for highlights from Section events that took place throughout 2025.

The 10th Annual Meeting of the Central States Section of SIAM was held on 
October 11–12, 2025, at the University of Arkansas, Fayetteville. The meeting 
drew 223 registered participants from across the Central States region and 
beyond. The scientific program included three plenary lectures, 151 mini-
symposium presentations, 11 contributed talks, and 22 poster presentations. 
The section also held their first SIAM-CSS Student Conference, a one-day 
event that brought together approximately 25 participants from Oklahoma 
and Arkansas. The conference featured four plenary talks delivered by faculty 
members, and eight research talks presented by graduate students.

The D.C.-Maryland-Virginia Section of SIAM organized the 5th East Coast 
Optimization Meeting (ECOM), a two-day annual section meeting on April 17 
- 18, 2025, at the Center for Mathematics and Artificial Intelligence (CMAI) at 
George Mason University. The theme of the meeting was “Optimization and 
Digital Twins.” The meeting comprised of mini courses by two distinguished 
SIAM member speakers, Matthias Heinkenschloss (Rice University), and 
Rainald Lohner (George Mason University) and targeted students and early 
career researchers. The meeting also included five keynote talks and 26 
contributed talks targeting mostly students, postdocs, and early career 
faculty. The meeting had 146 registered participants. Sponsored by SIAM, 
NSF Division of Mathematical Sciences, Sandia National Laboratories, 
and CMAI, the meeting was highly successful with engaging sessions and 
plentiful networking opportunities for the local SIAM community. 

The 18th East Asia Section of SIAM Conference took place at De La Salle 
University in Manila, Philippines from June 30 through July 4, 2025. The 
conference encompassed all facets of applied mathematics as it pertained to 
science, industry, engineering, and technology in East and Southeast Asia. 
Additionally, the Section awarded EASIAM Student Paper Prizes to the following 
SIAM members recognizing their outstanding work in applied mathematics or 
scientific computing.

First prize winner: Dr. Chushan Wang, National University of Singapore, 
Singapore 
Second prize winners: Dr. Chenguang Duan, Wuhan University, P. R. China, and 
Dr. Kengo Suzuki, Kyoto University, Japan.

The Mexico Section of SIAM successfully held its 2025 Annual Meeting from 
August 13-15, hosted by the Faculty of Physical and Mathematical Sciences 
(FCFM) at the Universidad Autónoma de Chiapas (UNACH), in Tuxtla Gutiérrez, 
Chiapas, Mexico. The academic program featured a broad range of activities, 
including: five plenary lectures delivered by nationally and internationally 
recognized experts; two specialized short courses, aimed at advanced training 
in applied mathematics; and 105 contributed talks, organized into 13 thematic 
mini-symposia covering areas such as mathematical modeling, data science, 
stochastic processes, complex networks, optimization, industrial applications, 
bioengineering, and public health. A total of approximately 125 participants 
attended the meeting, including a significant number of undergraduate and 
graduate students, reflecting the Section’s strong commitment to supporting 
early-career researchers and fostering the next generation of applied 
mathematicians in Mexico.

The Northern and Central California Section of SIAM held their second SIAM 
Northern and Central California Sectional Conference on October 27-28, 2025, 
at the Lawrence Berkeley National Laboratory. 211 participants engaged in a 
packed program of technical talks, interactive panels, and hands-on workshops. 
The programming reflected the community's wide-ranging expertise, spanning 
machine learning, high-performance computing, life sciences, control theory, 
uncertainty quantification, and numerical methods. Speakers included: SIAM 
member Rob Falgout (LLNL), on Multigrid methods in space and time for 
extreme-scale scientific computing, and SIAM member Suzanne Sindi (UC 
Merced), on Mathematical Models as Discovery Tools: Bridging Scale and 
Uncertainty in Complex Biological Systems.

The Southern California Section of SIAM organizing committee planned the 
Southern California Applied Mathematics Symposium (SOCAMS) on April 26, 
2025, at the University of California, Riverside (UCR) with support from SIAM, 
National Science Foundation (NSF), UCR’s College of Natural & Agricultural 
Sciences (CNAS), Riverside Artificial Intelligence Research and Education 
Institute (RAISE), Research and Economic Development (RED), and the UCR 
math department. The 300-person conference connected researchers from 
universities throughout Southern California who work in all areas of applied and 
computational mathematics to exchange ideas. This one-day event provided 
a platform for young faculty, post-docs, and graduate students to showcase 
their research work in an informal and collaborative atmosphere. The goal is for 
societal benefits, dissemination of results, graduate training, public outreach, 
increase of public literacy and public engagement in mathematics, improvement 
of STEM education, and educator development. The meeting included five 
plenary speakers, 77 contributed talks in seven parallel sessions, and 40 poster 
presenters.

Central States Section of SIAM 2025 Annual Meeting held October 11–12,
 2025, at the University of Arkansas, Fayetteville, AK

Mexico Section of SIAM Annual Meeting on August 13–15, 2025, at the 
Universidad Autónoma de Chiapas (UNACH), Tuxtla Gutiérrez, Chiapas, 
Mexico.

D.C.-Maryland-Virginia Section of SIAM joint 5th East Coast Optimization 
Meeting (ECOM) with NSF, DMS, SNL, and CMAI, on April 17–18, 2025 at 
George Mason University, Fairfax, VA.

FOR MORE INFORMATION ON SIAM MEMBERSHIP: siam.org/membership

Network | Access | Outreach | Lead

East Asia Section of SIAM Conference on June 30–July 4, 2025, held at 
De La Salle University, Manila, Philippines. 

membershipmembership

The Northern and Central California Section of SIAM Conference was 
held October 27–28, 2025, at the Lawrence Berkeley National Laboratory, 
Berkeley, CA.

The Southern California Section of SIAM Southern California Applied 
Mathematics Symposium (SOCAMS) held April 26, 2025, at the University 
of California, Riverside, CA.
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Ordinary Differential 
Equations and Applied 
Linear Algebra, 
Second Edition  
Todd Kapitula
This book helps students 
master linear algebra and 
ODEs in a one‑semester course. The second 
edition of Ordinary Differential Equations and 
Applied Linear Algebra expands the learning 
experience by introducing case studies at 
the end of every chapter that examine SIR 
models, a model for lead poisoning, and the 
dynamics of strongly damped forced oscillators, 
among others. It adds end-of-chapter projects 
that allow students to explore the interplay 
between the creation of a mathematical model, 
the solution of the model, and the physical 
implications of the mathematical solution. Also 
new to the second edition is access to over 
300 online homework problems embedded 
within the CMS myOpenMath. 
2026 / xvi + 314 pages / Softcover / 978-1-61197-877-3     
List $84.00 / SIAM Member $58.80 / OT209

Computational Inverse 
Problems Governed by 
PDEs    
Alen Alexanderian
This textbook focuses on 
computational methods for 
inverse problems that are 
governed by partial differential equations (PDEs). 
The author considers deterministic and Bayesian 
formulations and highlights how traditional tools 
from deterministic inversion can be integrated 
into solution methods for Bayesian inverse 
problems. Advanced topics such as post-
optimality sensitivity analysis, optimal design 
of experiments, and Bayesian inversion under 
model uncertainty are also included. 
2026 / xvi + 320 pages / Softcover / 978-1-61197-881-0    
List $89.00 / SIAM Member $62.30 / OT211 

Consensus and 
Synchronization:
From the Euclidean 
Space and the Circle 
to Lie Groups  
Ravi N. Banavar, and 
Arun D. Mahindrakar
Coordination, consensus, and synchronization 
are found in diverse natural phenomena 
and engineering applications. Examples are 
flocking birds, illuminating fireflies, schooling 
fish, and distributed control and sensing. 
The simplest of such problems are set in 
the Euclidean spaces and the circle. This 
book moves beyond this domain to the 
more sophisticated setting of Lie groups 
with bi-invariant metrics and extends the 
mathematical theories of consensus and 
synchronization for generic scenarios. This 
is relevant to applications such as robotics, 
autonomous vehicles, and spacecraft. 
2025 / xii + 86 pages / Softcover / 978-1-61197-879-7  
List $54.00 / SIAM Member $37.80 / SL09

Quantum Algorithms for 
Optimizers 
Giacomo Nannicini
This book presents a self-
contained introduction to quantum 
algorithms, with a focus on 
quantum optimization—quantum 
approaches to solving optimization problems. 
It equips readers with the essential tools to 
assess the strengths and limitations of these 
algorithms, emphasizing provable guarantees and 
computational complexity. The first comprehensive 
treatment of quantum optimization, it provides a 
rigorous introduction to the computational model of 
quantum computers and to the theory of quantum 
algorithms, contains detailed discussions of some 
of the most important developments in quantum 
optimization algorithms, and summarizes the most 
significant advances in the open literature. 
2025 / xiv + 273 pages / Softcover / 978-1-61197-875-9 
List $79.00 / SIAM Member $55.30 / MO37

Coming Soon
Incentive-Based Control via Game Theory 
Dario Bauso and Tamer Başar
Engineering systems in today’s economy are increasingly shaped by sharing—through 
shared logistics, joint investments, virtual power plants, and other cooperative 
structures—requiring models that account for decentralized decision-making and 
collective action. A central challenge is aligning self-interested behavior with system-
wide objectives. Incentive-Based Control via Game Theory addresses this need with a 
design-oriented framework that uses game theory to engineer mechanisms and control 
strategies that drive agents toward stable, socially desirable outcomes under uncertainty. The book 
introduces engineering-focused topics rarely treated elsewhere, including dynamic coalitional games, 
reverse Stackelberg games, and rigorously analyzed best-response dynamics, while maintaining an 
application-driven perspective that connects mathematical theory to real-world implementation. 
2026 / xxiv + 283 pages / Softcover / 978-1-61197-891-9 / List $89.00 / SIAM Member $62.30 / DC45

Perturbation Methods Using Backward Error  
Robert M. Corless and Nicolas Fillion
Perturbation methods are old but powerful, and they remain in widespread use. Rather 
than producing numbers or pictures, they yield formulas whose value depends on the 
skill of the person (or machine!) interpreting them. This unique book presents several 
classical methods for solving perturbation problems. To ensure a uniform presentation 
and more reliable, interpretable results, it consistently uses backward error analysis. 
This provides a systematic way to assess the validity of approximate solutions while 
encouraging the modeler to examine how small changes in the data or model affect the result. To support 
this, the book uses the concept of a condition number, familiar from numerical analysis.
2026 / xx + 414 pages / Softcover / 978-1-61197-885-8 / List $81.00 / SIAM Member $56.70 / MM25

Direct and Iterative Linear System Solvers  
Gérard Meurant 
Solving linear systems of equations is ubiquitous in scientific computing; therefore, 
numerical algorithms for solving them are paramount. This book describes the state 
of the art in direct and iterative methods for solving nonsingular linear systems of 
equations. Finite precision arithmetic and numerical experiments are emphasized. The 
author considers several variants of elimination methods, classical iterative methods, 
variants of the conjugate gradient method, and Krylov methods for nonsymmetric 
systems and describes many preconditioners. He describes and analyzes many numerical experiments 
with these methods, provides templates of codes for implementing these methods, and introduces more 
recent techniques like mixed precision and randomization.
2026 / xii + 505 pages / Softcover / 978-1-61197-883-4 / List $110.00 / SIAM Member $77.00 / CS35

Introduction to Nonsmooth Analysis and Optimization  
Christian Clason and Tuomo Valkonen 
This book offers a unified and rigorous introduction to the infinite-dimensional analysis 
and algorithmic solution of nonsmooth optimization problems arising in imaging, inverse 
problems, machine learning, and optimal control. It develops the necessary tools of 
nonsmooth, set-valued, and variational analysis, and presents state-of-the-art first- and 
second-order algorithms with careful convergence and stability analysis. The treatment 
is self-contained and accessible, including novel calculus results tailored to relevant 
infinite-dimensional settings. Throughout, theory is closely integrated with computation, and the book is 
accompanied by Julia code that enables readers to reproduce numerical experiments and explore practical 
implementations.
2026 /  xiv + 447 pages / Softcover / 978-1-61197-898-8 / List $95.00 / SIAM Member $66.50 / MO38

The Birth and Early 
Developments 
of Orthogonal 
Polynomials: A 
Chronological History     
Claude Brezinski and 
Michela Redivo-Zaglia
The shape of the Earth was a significant scientific 
question in the eighteenth century. It leads to 
the discovery of orthogonal polynomials. Over 
time, as interest in the gravitational problem of 
spheroids waned, the intrinsic mathematical 
interest in orthogonal polynomials took 
precedence. This is the first book to describe the 
history of orthogonal polynomials, covering their 
birth and early developments from the end of the 
18th century to the middle of the 20th century. 
It includes biographies of principal and lesser-
known figures, anecdotes, and accounts of the 
countries and institutions involved. The book 
will appeal to researchers, students, and those 
interested in the history of mathematics.  
2025 / xxvi + 604 / Hardcover / 978-1-61197-850-6 
List $110.00 / SIAM Member $77.00 / OT207

New from SIAM
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THEORY OF 
PROBABILITY 

AND ITS 
APPLICATIONS

SIAM Journal on  
DISCRETE MATHEMATICS
Hook-Valued Tableau Uncrowding and Tableau 
Switching
Jihyeug Jang, Jang Soo Kim, Jianping Pan, 		
Joseph Pappe, and Anne Schilling
An Algebraic Proof of the Dichotomy for Graph 
Orientation Problems with Forbidden Tournaments
Roman Feller and Michael Pinsker                  

SIAM Journal on  
FINANCIAL MATHEMATICS
The McCormick Martingale Optimal Transport
Erhan Bayraktar, Bingyan Han, and 		
Dominykas Norgilas
Time-Causal VAE: Robust Financial Time Series 
Generator
Beatrice Acciaio, Stephan Eckstein, and Songyan Hou 

SIAM Journal on IMAGING SCIENCES
Analysis and Synthesis Denoisers for Forward-
Backward Plug-and-Play Algorithms
Matthieu Kowalski, Benoît Malézieux, Thomas Moreau, 
and Audrey Repetti
Diffusion at Absolute Zero: Langevin Sampling Using 
Successive Moreau Envelopes
Andreas Habring, Alexander Falk, Martin Zach, and 
Thomas Pock

SIAM Journal on  
LIFE SCIENCES
Dynamic Homeostasis in Relaxation and Bursting 
Oscillations
Christopher J. Ryzowicz, Richard Bertram, and 
Bhargav R. Karamched
Ensemble-Based Estimation of Alzheimer’s Disease 
Incidence from Dynamic Population Reconstructions
Giulia Bertaglia, Elisa Iacomini, and Alex Viguerie

SIAM Journal on  
MATHEMATICAL ANALYSIS
Global Kato’s Solutions for Inhomogeneous Navier–
Stokes System in 𝐿3(ℝ3)
Xianpeng Hu and Pei Lyu
Dynamics of the General 𝑄-Tensor Model Interacting 
with a Rigid Body
Felix Brandt, Matthias Hieber, and Arnab Roy

SIAM Journal on  
MATHEMATICS of DATA SCIENCE 
Robust Reinforcement Learning with Dynamic 
Distortion Risk Measures
Anthony Coache and Sebastian Jaimungal
Learning Sparsity-Promoting Regularizers for Linear 
Inverse Problems
Giovanni S. Alberti, Ernesto De Vito, Tapio Helin, 	
Matti Lassas, Luca Ratti, and Matteo Santacesaria

SIAM Journal on  
MATRIX ANALYSIS and APPLICATIONS 
Decomposing Tensors via Rank-One Approximations
Álvaro Ribot, Emil Horobet, Anna Seigal, and 		
Ettore T. Turatti
Convergence Properties of Nonlinear GMRES Applied 
to Linear Systems
Chen Greif and Yunhui He 

SIAM Review
Compositional Function Spaces for Deep Learning
Rahul Parhi and Robert D. Nowak
A Gentle Introduction to Interpolation on the 
Grassmann Manifold
Gabriele Ciaramella, Martin J. Gander, and 	
Tommaso Vanzan

MULTISCALE MODELING & 
SIMULATION:  
A SIAM Interdisciplinary Journal
Efficient Hadamard Integrators for Time-Dependent 
Wave Equations in Bounded Domains: Forward 
and Backward Propagation
Yuxiao Wei, Shingyu Leung, Jin Cheng, 		
Robert Burridge, and Jianliang Qian
Homogenization and Numerical Upscaling for 
Spectral Fractional Diffusion
Viet Ha Hoang, Chen Hui Pang, and 	
Christoph Schwab

SIAM Journal on  
APPLIED ALGEBRA and GEOMETRY 
Robust Numerical Algebraic Geometry
Emma R. Cobian, Jonathan D. Hauenstein, and 
Charles W. Wampler
Symmetry Lie Algebras of Varieties with 
Applications to Algebraic Statistics
Aida Maraj and Arpan Pal 

SIAM Journal on  
APPLIED DYNAMICAL SYSTEMS
Bridging the Gap Between Koopmanism and 
Response Theory: Using Natural Variability to 
Predict Forced Response
Niccolò Zagli, Matthew J. Colbrook, Valerio Lucarini, 
Igor Mezić, and John Moroney
High-order Approximations of the Canard 
Explosion in a Delayed van der Pol System
Shu Zhang, Bo-Wei Qin, Kwok-wai Chung, 	
Antonio Algaba, and Alejandro J. Rodríguez-Luis 

SIAM Journal on  
APPLIED MATHEMATICS
Joint Impact of Diffusion and Advection on 
Predator-Prey Dynamics with Delay and Fear Effect
Hongying Shu, Shixia Xin, Xiang-Sheng Wang, and 
Jianshe Yu
Exploring Low-Rank Structure for an Inverse 
Scattering Problem with Far-Field Data
Yuyuan Zhou, Lorenzo Audibert, Shixu Meng, and 	
Bo Zhang

SIAM Journal on COMPUTING 
Order-Competitive Ratio
Liyan Chen, Tomer Ezra, Michal Feldman, 		
Nick Gravin, Nuozhou Sun, and Zhihao Gavin Tang
Reducing Tarski to Unique Tarski (In the Black-Box 
Model)
Xi Chen, Yuhao Li, and Mihalis Yannakakis
Quantum Speedups for Linear Programming via 
Interior Point Methods
Simon Apers and Sander Gribling

SIAM Journal on  
CONTROL and OPTIMIZATION
Impulsive Adaptive Control for Uncertain Linear 
Systems
Xuegang Tan, Jinde Cao, Xinsong Yang, and 	
Simone Baldi
Stochastic Linear-Quadratic Differential Game with 
Regime-Switching in an Infinite Horizon
Fan Wu, Xun Li, Jie Xiong, and Xin Zhang

SIAM Journal on  
NUMERICAL ANALYSIS
Accuracy of the Ensemble Kalman Filter in the 
Near-Linear Setting
E. Calvello, P. Monmarché, A. M. Stuart, and U. Vaes
Error Analysis of a Conforming Finite Element 
Method for the Modified Electromagnetic 
Transmission Eigenvalue Problem
Jiayu Han, Jiguang Sun, and Qian Zhang     

SIAM Journal on OPTIMIZATION
Alternating Gradient-Type Algorithm for Bilevel 
Optimization with Inexact Lower-Level Solutions 
via Moreau Envelope–Based Reformulation
Xiaoning Bai, Shangzhi Zeng, Jin Zhang, and 		
Lezhi Zhang
Global Convergence of an Augmented Lagrangian 
Method for Nonlinear Programming via Riemannian 
Optimization
Roberto Andreani, Kelvin R. Couto, 		
Orizon P. Ferreira, Gabriel Haeser, and 		
Leandro F. Prudente

SIAM Journal on  
SCIENTIFIC COMPUTING
Solving Forward and Inverse Partial Differential 
Equation Problems on Unknown Manifolds via 
Physics-Informed Neural Operators
Anran Jiao, Qile Yan, John Harlim, and Lu Lu
Nonlinear Model Reduction by Probabilistic 
Manifold Decomposition
Jiaming Guo and Dunhui Xiao

SIAM/ASA Journal on  
UNCERTAINTY QUANTIFICATION
Goal-Oriented Bayesian Optimal Experimental 
Design for Nonlinear Models Using Markov Chain 
Monte Carlo
Shijie Zhong, Wanggang Shen, Tommie Catanach, 
and Xun Huan
Active Learning via Heteroskedastic Rational 
Kriging
Shangkun Wang and V. Roshan Joseph

THEORY OF PROBABILITY  
AND ITS APPLICATIONS
On the 90th Birthday of Ya. G. Sinai
A. N. Shiryaev
Correlations and Convergence Rates in General 
Ergodic Theorems
B. Y. Levit
Asymptotic Behavior of a Multilevel Type Error  
for SDEs Driven by a Pure Jump Lévy Process
M. Ben Alaya, A. Kebaier, and T. B. T. Ngô
A Breiman's Theorem for a Conditional Dependent 
Random Vector and Its Applications to Risk Theory
A. G. Kachurovskii, I. V. Podvigin, and V. È. Todikov

Call for Papers: SIAM Journal Submission 
We want your papers! SIAM publishes 19 peer-reviewed research 

journals and is the leading source of knowledge for the world's applied 
mathematics and computational science communities. 

Submit your work now!
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