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Abstract these challenges for mining datasets produced by Molecu-

In this application paper we explore techniques to cld@ Dynamics (MD) simulations to study the evolution of de-
sify anomalous structures (defects) in data generated fri§it Structures in materials. As component size decreases, a
Molecular Dynamics (MD) simulations of Silicon (Si) atonflefect - any deviation from the perfectly ordered crystal lat-
systems. These systems are studied to understand the 8- in & semiconductor assumes even greater significance.
cesses behind the formation of various defects as they hal§Se defects are often created by introducing extra atom(s)
a profound impact on the electrical and mechanical propg}_the Silicon lattice during ion implantation for device fab-
ties of Silicon. In our prior work [12, 13, 14] we presentea’cation. Such defects can aggregate to form larger extended
techniques for defect detection. Here, we present a two-s#§ects, which can significantly affect device performance in
dynamic classifier to classify the defects. The first step uggsundesirable fashion.

up to third-order shape moments to provide a smaller set of Simulating defect dynamics can potentially help scien-
candidate defect classes. The second step assigns theli§-understand how defects evolve over time and how ag-
rect class to the defect structure by considering the actgeggated/extended defects are formed. Some of these defects
spatial positions of the individual atoms. The dynamic cladt€ Stable over a period of time while other are short-lived.
sifier is robust and scalable in the size of the atom systefaicient, automated or semi-automated analysis techniques
Each phase is immune to noise, which is characterized afi@f help simplify the task of wading through a pool of data
a study of the simulation data. We also validate the prdd help quickly identify important rules governing defect
posed solutions by using a physical model and propertieﬁ#"uuon: interactions and aggregation. The key challenges
lattices. We demonstrate the efficacy and correctness of 8(f: 1) to detect defects; ii) to characterize and classify both
approach on several large datasets. Our approach is abfeels and previously seen defects accurately; iii) to capture
recognize previously seen defects and also identify new ae evolution and transitioning behavior of defects; and iv) to

fects in real time. identify the rules that govern defect interactions and aggre-
gation. Manual analysis of these simulations is a very cum-
1 Introduction bersome process. It takes a domain expert more than eight

hours to manually analyze a very small simulation of 8000

Traditionally, the focus in the computational sciences hf’:ls d .
. . . . ime frames. Therefore, a systemic challenge is to develop an
been on developing algorithms, implementations, and en-

. i Lo . aiutomated, scalable and incremental algorithmic framework
abling tools to facilitate large scale realistic simulations g

> .S0 that the proposed techniques can support in-vivo analysis
physical processes and phenomenon. However, as SIMU- | time
lations become more detailed and realistic, and implemen- In our previous work [12, 13, 14], we presented algo-

tations more efficient, suentl_sts are fmqllng that a_n_alyzm ms to address the first challenge. Here we address the
the data produced by these simulations is a non-trivial tagk.

Dataset size, providing reasonable response time, and soeé:ond challenge coupled with the systemic challenge out-

eling the underlying scientific phenomenon during the ana{P-ed abovg. The design tenets mcIyd_e not only accuracy
sis are some of the critical challenges that need to be %Hd execution time but also both statistical and physical val-
gressed 9 Idation of the proposed models. We also present preliminary

In this paper we present a framework that addressrgguns to show that our approach can aid in handling the third
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challenge. 2.2 Related Work: Several methods have been proposed
The main contributions of our application case studyo detect defects in crystal lattice structures. The most perti-
paper are: nent work that is closely related to our own work employs the

1. We develop a two-step incremental classifier that cld@€thod of Common Neighbor Analysis (CNA) [3, 8]. CNA

sifies both existing and new defects (generates a natempts to glean crystallization structure in lattices and uses
class label). the number of neighbors of each atom to determine the struc-

_ - _ ture sought. However, it should be noted that the distribution
2. We validate each step of obrstep classifier theoreti- of neighbors alone cannot characterize the defects, especially
cally, relying on both physical and statistical models. at high temperatures.

3. We validate our approach on large (greater than 4Gp) Related to our work is the large body of work in

real MD simulation datasets and demonstrate both tlﬂi molecular structure analysis [1, 10, 18, 23]. In these tech-
exceptional accuracy and efficiency of the proposé‘&q“es' the data is often abstracted as graphs and transactions
framework and subsequently mined. However, such an abstraction of-

ten does not exploit and explain many of the inherent spa-
4. We present initial results which show that our approaghl and dynamical properties of data that we are interested
can be used to capture defect evolution and to generiateMoreover, while some of these techniques [19, 23], deal
labeled defect trajectories. with noise in the data, the noise handling capabilities are lim-
Our paper is structured in the following mannefed to smoothing out uncorrelated and small changes in spa-

Section2 discusses the basic terminology of MD and f#l location of atoms. Within the context of MD data, noise
lated work. An overview of our framework is provided irf@n also change the number of defect atoms detected, for es-
Section3. We present our algorithm in Section4. Resuf@ntially the same defect structure at different time frames.
on large simulation datasets are presented in Section5. Mgne of the methods in the biological data mining literature
nally, we conclude and discuss directions for future work f#fal with this uncertainty.

Section6. Matching of two structures has drawn a lot of attention
in recent past. Zhang et al. [25], propose a protein match-
2 Background and Related Work ing algorithm that is rotation and translation invariant. This

method relies on the shape of the point cloud and it works
well for proteins given the relatively large number of atoms;

) . . , ' . the presence of a few extra atoms does not change the shape
2.1 Background: In this section, we first define basic . ; ; .
. . f point cloud. A potential match is not stymied by the pres-

terms that are used throughout this article. Later, we descri . . )

. L - ence of extra atoms. However, in MD simulation data, we are
pertinent related work. Aattice is an arrangement of points . :

. . . oo : Interested in anomalous structures which can be as small as
or particles or objects in a regular periodic pattern in three_ . . . .
: . . . Just six atoms. Extra atoms that may be included in a defect

dimensions. The elemental structure that is replicated’in

a lattice is known as anit cell. Now, consider adding given the thermal noise will skew a match significantly even

a single atom to the lattice. This extra atom disturbs tHCethe two defects differ by one atom. Geometric hashing, an

geometric structure of lattice. This disturbance, comprisgﬂpmaCh that was originally developed in the robotics and

of atoms which deviate from the regular geometry of lattica> - communities [24], has found favor in the biomolec-
9 9 y u?ar structure analysis community [15, 23]. Rotation and

is referred to as theefect structure. Defects created b¥ . . ) .
. . ) o anslations are well handled in this approach. The main
adding an extra atom are known as single-interstitial defeccfs.

Similarly one can defingli- andtri-interstitial defects by rawback of geomet.nc hashing is thqt itis Very expensive
. . : . i ._because an exhaustive search for optimal basis vector is re-
adding two or three single interstitial defects in a lattice

respectively. Figure 1(a) shows a Si bulk lattice with a certa%med' A more detailed dlscgssmn on various shape match-
Ing algorithms can be found in the survey paper by Veltamp

unit cell shaded differently (black). Figure 1(b) shows d Hagedoorn [21].

another lattice with a single interstitial defect. Figure 1((?) We use statistical moments to represent the shape of

depicts two interstitials: in the lower left and upper right - . .
corners, respectively, of a 512-atom lattice. The differe%tdEfECt for initial pruning. The seminal work by Hu [6]

. o described a set of seven moments which captures many of

shades again represent separate and distinct defects. : . . :
e ; . . the features of a two-dimensional binary images. In recent
Ab initio relaxations and MD simulations are fre-

quently used to discover stable defect structures [2, X\éork' Galvez [5] proposed an algorithm which uses shape

22]. Our MD simulations are performed with the Objec{pOments to characterize 3D structures using moments of

Oriented High Performance Multi-scale Materials Simulatclgtfngl;llorﬁlr;ns:rsgn;xﬁ: toruerssén:i?:v gzer,ié):( Izgfgjctr etlﬁgvtil%-
(OHMMS) [16, 17] employing a classical potential to de- P yp ’

scribe the interactions between the Si atoms [11]. tours or the corresponding implidD surface are impossible
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Figure1: Defects in the crystal lattice. (a) The unit cell of the perfect crystal lattice is marked by the dark atoms. (b) A
single interstitial defect distorts the lattice. (c) Two separate interstitial defects are present in the lattice.

to obtain with accuracy.

3 Dynamic Classification Framework

Figure 2 shows our framework for MD simulation data
analysis. The framework is divided into three phases.

e Phase 1 - Defection DetectionThis phase detects, *

while a simulation is in progres$?hase lhandles the
entire frame and detects all the defects. Each defect is
then pipelined intd’hase 2. Thus, we are able to incre-
mentally detect and classify defects while consistently
updating the database in real time.

Phase 3 - Knowledge MiningThis phase uses the

databases generated Bijase 2 These databases store
the information about all the defects in a given simula-
tion. These databases can be used to track and generate
the trajectories of the defects, which can assist us to bet-
ter understand the defect evolution process. Addition-
ally, various data mining algorithms can be applied on
the databases. Mining spatial patterns within one sim-
) o ulation can aid in understanding the interactions among
1. Afeature vector composed of weighted statistical  gefects. Finding frequent patterns across multiple sim-

moments is generated for each detected defect.  jations can help to predict defect evolution. In this pa-
2. The set of defects is pruned based on the fea- per, we describ®hase 2n detail. We also show some

ture vector. This step provides a subset of defect initial results forPhase3.

classes to which an unlabeled defect can poten-

tially belong to. 4 Algorithm

3. An exact matching algorithm assigns the correct
class label to the defect. This steps takes infUr previous work [12, 13, 14] describes the defect detection

account the spatial position of the atoms. THehase in detail. Every atom in the lattice is labeled either as
defect is assigned a class label if it matches wighbulk atom or as a defect atom. However, upon further eval-
any of the previously seen defects, otherwise th@tion we found that this binary labeling is not well suited
defect is considered new. for robust classification of defect structures. Therefore, we
propose to divide the atoms into three classes based on their
Phase 2maintains three databases for all detected d@embership or proximity to a defect. We also validate the

fects. Section 4 gives detailed information regardingrrectness of this taxonomy by using a physical model. Our
these three databases and their update strategies. taxonomy is:

The framework is made robust by modeling noise in R
both Phase landPhase 2. Our noise characterization
models the aggregate movement of the defect structure
and the arrangement of the atoms (in terms of neighbor-
ing bonds). Our framework can be deployed to operate
in a streaming fashion. This is important since it en- ¢ Core-Defect Atoms (CD):Atoms that do not conform
ables us to naturally handle data in a continuous fashion to the set of rules amrdefectatoms. All defect atoms that

spatially clusters (or segments) defects and handles
periodic boundary conditions. A detailed explanation
on this phase is given in our earlier work [12, 13, 14].

Phase 2 - Dynamic Classification: This phase classifies
each defect found iRhase land consists of three major
components:

Core-Bulk Atoms (CB): Atoms that conform to the set
of rules defined by the unit cell almilk or non-defect
atoms. Bulk atoms which are connected exclusively to
other bulk atoms are labeled as core bulk atoms.
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Figure2: Defect Detection and Classification Framework

are connected to more defect atoms than bulk atoms are The energy of bond stretching and bending is described
labeled as core defect atoms. These atoms dominatetihespring constantsk’, and the deviationg, of the bonds
shape and properties of a defect. from the ideal state:

¢ Interface Atoms (l): Defect atoms that are connected e
. E=_-Ké°, 4.1)
to more bulk atoms than defect atoms are labeled as in- 2

terface atoms. These atoms form the boundary between rretchi d bendi . dE
core bulk and core defect atoms. They fail to conform '€ St €tcniNg and bending energifRngin and Fang. are

to the prescribed set of rules by a small margin (i.e. t mputed for each atom using the two spring constants,

thresholds for bond lengths and angles are violated iHeeth and Kangle, respectively. The ideal bond length
a marginal way) and are thus marked as defect ato d bond angle are used for the uncompressed spring state.

They form a layer between core bulk and core defett® \lilal\L/Jv?S ];Od(tle“g“l gng fs‘mﬁe V\E/itre /takde_n from [4] ?S |
atoms. Presence or absence of these atoms can co ewton/meter an ’ ewton/radian, respectively.

v ch he sh f f hich each a_tom we find the bond Iengths and bon_d gngles it
frf:%yatccrﬁzg%; deefse C?Zfrs ctiries ect, which exacerb E)gr%ns with its first neighbors and then find the deviatiahs,

from the ideal values. Core bulk atoms deviate little from the
Figure 3(a) illustrates all three types of atoms. TH’geaI values, whereas for core defect atoms the deviations are

black atoms belong to core defect, light gray atoms form g€ 3Since the energy is directly proportional to the square
core bulk and the dark gray atoms are interface atoms. Thfdhe deviations, core bulk atoms have low energies while
taxonomy is justified by a physical model. core defect atom energies are large.

The lattice system can be represented by a Mechanical 10 Validate our taxonomy, we sampled 1400 frames
Molecular Model as follows: the atoms are represented fyom different simulations and calculated the energy for each

points and the bonds by springs connecting the points. T#8M in the lattice. Figure 3(b) shows the distribution of
energy of the lattice system consists of three terms: energy. Itis clear from the distribution that the majority of
the atoms have very low energy ({8, 0.2]). These atoms

Eiotal = Fiength + Fangle + Fint, are core bulk atoms. The core defect atoms have very high
energy (>1.2). All the atoms which lie between low and
where Eiengtn and E,ngle denote the energies due to bonbigh energy levels are interface atoms. Thus, this physical
stretching and angle bending, respectively, &hd denotes model clearly validates our taxonomy of atoms. Therefore
the remaining interaction energy not accounted for by the refine our original binary labeling [12] of individual
bond stretching and bending terms. For the following analgtoms by further dividing defect atoms into core defect atoms
sis the interaction ternt;;,;, is neglected. and interface atoms.
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Figure3: (a) Taxonomy of atoms (b) Energy Plot

Before describing the classification method, we discusbterel; is the displacement between two consecutive time
the challenges which need to be addressed to build a rolsisps of atom, with F nearest neighbors within a distance
and efficient classifier for MD data. We list each of themf 2.6 A (bond length of Si), and € [1,N], N being
and describe how they are addressed within the contextlud total number of atoms in the lattice. We observe that

the proposed algorithm. D; is described by a normal distribution with parameters,
Inoise @Ndopoise (the average mean and standard deviation
4.1 Challenges and Proposed Solutions of all D;’s). We find s t0 be close to zero (which is

expected because a given atom cannot move very far from
4.1.1 Thermal Noise: Thermal motion causes atoms tdts original location between two consecutive time frames).
change their spatial positions. These changes can have Thie parametes ;. IS used to model the effect of noise in
kinds of effect on the detected defect structures: the defect classification algorithm. From a set of randomly
) . L selected 4500 frames, we fingli. to be 0.19A.

1. The precise location of the atoms and their inter-pair ; <hould be pointed out here that the physical origin of
distances changes from frame to frame. Thus, the Clg$s ngjse is the thermal motion of the atoms. The magnitude
S|f|c§1t|on m_gthod must be tolerant to small deviations i} he thermal motion is given at high temperatures by
spatial positions. ST

2y _
2. The change in spatial positions can also force a previ- (2%) = mkp©2’

ly label Ik atom to violate the rul n la- . . .
ously labeled bulk atom to olate Ihe ruies a d be .9vhere® is the Debye temperature which for Si is 645 K [9],
beled as a defect atom (and vice versa) in the next tu%l?s lanck's constantis is Boltzman constanty: is mass
frame. Therefore the number of atoms in a defect CaP th% atom andl’ is tgm erature at which simulation is
change, which in turn changes the overall shape of the 1per

. s one. AtT = 1000 K, this yields for the average thermal
defect structure making the classification task more dif: g .
ficult isplacement a value of 0A, close to the measured noise
' value above.

To address the first problem we consider a data driven To solve the second problem posed by thermal noise, we
approach to derive noise thresholds. From our study Ww&@pose a weighting mechanism. The weighting mechanism
know that the change in position of each atom betweisrbased on the following two observations:
consecutive frames is influenced by the position and numbek- In two consecutive time frames the core defect atoms

of its neighbors. To model this behavior we define a random cannot change considerably. N
variableD;: 2. Interface atoms can make a transition from bulk to

defect and vice-versa quickly.

F
1 (M; + Z M), Figure 4(a) and Figure 4(b) show the defects detected in

D= ——
F+1 two consecutive frames after applying local operators. The

j=1
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order moments. The first order moments describe the loca-
tion, the second order moments the shape, and the third order
moments captures the skewness of the defect. To account for
the interface atoms we calculate weighted moments instead
of simple moments.(Recall that the weighting mechanism
assigns high weights to core defect atoms and low weights to
interface atoms). The feature vector comprising of weighted
moments of a defect is calculated as :

N
mmnj 1 m n
() (b)) D = § w; * R« RY, = RY 4.2)

127
3wy !
Figure 4: The thermal motion of atoms between two con- j=1

secutive frames (a) and (b) does not changg the core defggt ), +n+p < 3andRy; is the i coordinateof
atoms (black) but can change the number interface atogs ;th atom of the defect. There are a total of three first-
(dark gray). Here an extra interface atom appears in fragigier moments, six second-order moments and ten third-
(b). order moments. The three first order moments describe
the center of mass of the defect. To recover translational
invariance we set the three first order momen{s®, D910
and D! to zero. The remaining second and third order
defect in Figure 4(b) has an extra interface atom but thrments comprise B-dimensional feature vectdp,,.
core defect (black atoms) remains unchanged. Therefore, There is a finite set of of point symmetry operations
a weighting mechanisns proposed to reduce the influencéhat map a given lattice onto itself [9]. These symmetry
of interface atoms relative to that of core atoms within @perations consists of rotations, reflections, inversions, and
defect structure. Each atom in a given defect is assignedombinations of those. The lattice of crystalline Si is
weight given by the number of nearest neighbors within tievariant under 24 point symmetry operations. Defects
defect structure. Thus, core defect atoms contribute mordttat are related by point symmetry operations of the lattice
defect the classification than interface atoms. The weighte classified as the same defect since they have the same
are also used for handling translations (described below) giysical properties. Instead of working with the defects itself
for computing the feature vector (weighted moments).  we apply the finite set of symmetry operations on the feature
The first observation is explained by the fact that thector. As an example, if a defect is mirrored onihplane,
deviations from the perfect bond length and angle is largedt moments involving an odd power of thecomponent
for the core defect atoms. Therefore, the thermal motion l&dmange sign. In a similar fashion, all rotations are resolved
a small effect on the already large energy assigned to the doyehecking a set of permutations of the original moments.
defect atoms. The second observation can be understood by
the observation that interface atoms have smaller deviatidns.3 Shape Based ClassificationWhen matching two
from ideality than core bulk atoms and usually fail (odefect structures, the classifier should take into account the
conform to) the set of rules by a small margin. Smaplositions of all individual atoms in the defects. This atom-to-
variation in their locations due to thermal noise can alter theitom matching is relatively expensive. Furthermore because
labels. of large numbers of defect classes present in simulation
To summarize, over a period of time core defect atordatasets, it would be unrealistic to carry out such an atom-
will change considerably less than interface atoms. Thete-atom matching for all classes at each and every time
fore more emphasis (weight) should be given to core defstep. Therefore a scheme is needed to effectively reduce the
atoms while matching two defect structures. This is preciselymber of candidate classes on which an exhaustive atom-
what our weighting mechanism does. to-atom matching is performed.
We address this challenge by adopting a two step classi-
4.1.2 Translational and Rotational Invariance: Transla- fication process. The first step uses the weighted moments
tions and rotations pose another problem in defect clagsi-Eq. (4.2) to determine a subset of defect classes. The
fication. The same defect can occur in different positiomgeighted moments (feature vector) are used since the de-
and orientations in the lattice. To correctly classify a defesgribe the overall shape of an object [6]. The second step
translations and rotations must be resolved before assigrfings the closest class by taking into account the positions of
the class. the atoms and their arrangement in three dimensional space.
We describe the shape of a defect by using statistitalessence, both steps use the information about the defect
moments. We use the complete set of first, second and tishdipe. The first step uses the high level information of the
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weightedmomentsand the next step refines it by matching.2.1 Step 1 - Feature Vector based PruningWe use
individual atoms. We achieve the desired efficiency becawseariant of theKNN classifier for this task. The value
the first step is computationally very cheap and reduces tfeK is not fixed: instead, it is determined dynamically
search space considerably for the next step. Experimemtaleach defect. Given the feature vectdy, of a defect
results to corroborate this are shown in Section 5. D, we compute and sort the distances betwégn and
The classification based on shape is motivated by phyd>,,, whereI D, is the mean moment vector of thg
ical insight. Physical properties of defects are governddfect in 7D omens- All classes with distances less than
by their atomic structure which is reflected in their overadin empirically-derived threshold are chosen as candidate
shape. The shape directly controls the strain field inducedddgsses.Step 2 works on thesd classes only. If no class
defects [20]. The long-ranged interaction between defecte&n be selected) is considered a new defect. Databases
dominated by the strain field and hence the shape of the fi8ky,.pe andIDyoment are updated immediately, so that
fects. For example, small defect clusters in silicon arrangeavailable when the next frame is processed.
preferentially in a compact shape and attract additional de- In a similar fashion, one can use Naive Bayes and Voting
fect atoms, while larger defect clusters prefer an elongatbdsed classifiers. Like th€éNN classifier, these classifiers
extended shape [16]. also provide metrics which can be used to select theifop
candidate classes. More specifically, a Naive Bayes classifier
4.1.4 Emergence of new defect classe$he underlying provides the probabilities of a feature vector belonging to
motivation of our effort is to discover information which camach class, and a voting based classifier gives the number of
assist scientists to better understand the physics behindwages for each class. The tdp classes can then be chosen
fect evolution and dynamics, ideally in real time. This can rbased on probabilities and votes. We chose VFI as our voting
sult in new defect classes and defect migration mechanisivased classifier. As for other types of classifiers, such as the
This requires the classification process to be dynamic [@gcision tree-based ones, it is not trivial to pi€kcandidate
The classifier should be dynamic in the classical sense clsses, therefore they are not considered in this work.
in new streaming data elements can be classified, but should From the three applicable classifiers, Hl&N classifier
also be dynamic in the sense that new classes (defects$ dhosen because it gives the highest classification accuracy,
discovered can be added to the classifier model in real tirag.described in Section 5. Besides its high accurac e
The new defect should be available when the next frameciassifier is incremental in nature. In other words, there is no
processed. need to re-build the classification model from scratch if a
We next present our two-step classification processw class is discovered. In contrast, Naive Bayes and VFI
which integrates all the proposed solutions to the aboweHl require the classification model to be re-built every time
mentioned challenges. a new class is discovered.
The K candidate classes are passedStep 2. The
4.2 Two Step Classification Algorithm: Phase 1of our representative shapes of thd§eclasses are matched using
framework detects the defect(s) from the lattice &fthse an exact shape matching algorithm based on the Largest
2 classifies the defect(s)Phase lhas been explained inCommon Substructure (LCS). Next, we explain the main
Section 3. The goal oPhase 2is to find the typeT for steps of our exact matching approach.
a given defecD. If the type ofD does not match the type
of any of the previously seen defects in the simulation, it4s2.2 Step 2 - Largest Common Substructure based
labeled as a new defect and stored in the datall@sgs,. algorithm: Assume, A is a defect of unknown type and
andID ,,,oment, WherelD is a unique simulation identificationB is the median defect representing one of the candidate
number, IDwape Stores the actual three dimensional calasses fronStep 1 The defects are mean centered and the
ordinates andD ,,,,,cnt Stores the weighted central momentotation is resolved. We next describe all the steps of the
(feature vector) of the defect structure. These databases $t@® algorithm in detail.
all the unique defects detected in the current simulation.
The label of a new defect is of the formefectij,
indicating that the new defect is thg!" defect in thei”
frame of the simulation. ID is not new then a pointer to
the defect class which closely matchess stored. Besides
these two databases a summary file is generated which stores
names of all detected defects in the simulation along with
corresponding frame numbers. We now proceed to describe
the two steps of our classifier in detail.

e Atom Pairs Formation: The defects are sorted w.r.t.
their z-ordinate. Two atoms andj in defectA form

an atom pair4;; if distance{d,, 4;) < bond length
This step uses the information about neighbors and
connectivity calculated ifPhase 1. These atom pairs
are calculated for both defects. For each atom pair
A;j, we store the projection onto the y and z-axes
represented byl;;,, A;;, andA;;, respectively.
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¢ Find matching Pairs: For each paird,; we find all
pairs By; such that 1 Input: All rules
2 For eachrule :4;; < By,
|Aij;E - Bk:lm| S Onoise 3 {
|Aijy — Briyl < Onoise 4 Find Compatiblesubstructures’ andV’
B 5 If U andV found
‘Aijz - Bklz| < Onoises 6 {
where the threshold,,,;,. is obtained as explained in 7 Length = Le@.gth+1;
Section 4.1.1. 8  UlLength] =3
9 V[Length] =1,
We represent this equality of atom pairs&g < By, 10
which implies that the length and orientation of the 11 else
bond formed by atoms andj of defectA is similar 12 {
to the bond formed by atonisand! of defectB. 13 Createnew U andV;
By comparing each projection separately, we intrinsi- 14 Storeiand;in U;
cally take care of both: bond length and orientation. 15 }Storek andlin V;
16
e Find Largest Common Substructure (LCS): The 17 }

rules generated in the previous step are used to find the

largest common substructure between two defects. We _ q de for findi b
use a region growing based approach to find LCS. Etlrguucrti?é Pseudo code for finding Largest Common Sub-
The pseudo code for finding LCS is shown in Figure 5.

Before explaining each step in detail, we define the

notion ofcompatible substructures: This similarity is calculated betweedA and all theK
candidate defect classes. The class which gives the
maximum similarity greater than a user defined thresh-
old is chosen as the target class. If the maximum sim-
ilarity is less than the user defined threshold the defect
is considered new and both the databagég,,.,. and
Being compatible implies that the two substructures 1D, . .... are updated. The summary database is up-
have the same number of atoms and the orientation dated for each defect (previously seen or new).

of atoms (which defines shape) is approximately same

(within noise thresholds). 5 Experiments and Results

The algorithm starts by finding attompatible sub- In this section we present the results of our framework. As
structures U andV w.r.t to the rule4;; < By, (Line noted earlier we use OHMMS (see Section2) to generate the
4). The length ofU (andV) is increased by one anddatasets. We first, show the advantage of weighted moments
atomsj and! are added. Lines 5-10 of Figure 5 showver unweighted moments by comparing the accuracies of
this process. However, if noompatible substructure various classifiers. Next, we demonstrate the accuracy of the
is found a new substructuté (andV) is initialized with LCS algorithm bootstrapped with different classifiekN,
atoms; andj (k and!). Lines 11-16 in Figure 5 refer toNaive Bayes and VFI. Later, we show the scalable aspects
this case. The same process is then repeated for alleheur framework by deploying it on very large datasets (in
rules. the giga-byte range). Finally, we present preliminary results

This method also provides the correspondence betw%éarmonstratmg how our two-step classifier can help us gain a

atoms. Atoms irl/ andV have a one-to-one relation- etter understanding of defect evolution.
ship between them.

Two substructure&’ and V' are considered compatible
w.r.t. the ruled;; «— By, if the last atom added t&' is
the i*» atom of defectd and the last atom added 6
is thek!" atom of defecB.

5.1 Robust Classification: To illustrate the importance of
e Similarity Metric Computation: The Largest using weighted moments as opposed to unweighted mo-

Structure(LS) is then chosen from the common sughents, we performed the following experiment: a.totaI. of
structures. We use the following metric to determink400 defects were randomly sampled across multiple simu-

the similarity betweemt and B: lations conducted at different temperatures. The noise in the
simulation depends on the temperature at which the lattice is
) 2% || LS| simulated. Therefore two defects belonging to the same class

Sim(A, B) = W can have different number of atoms and/or different positions
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in Section 4). Figure 7 shows the results for this experi-

ment. KNN with weighted moments outperforms all other
classifiers by achieving an accuracy of 99% whefdawe
Bayesis the least accurate with an accuracy of 86%. Again,
weighted moments outperform unweighted moments.

g w An important point to note is that all the 1,400 defects
g » used for this experiment were labeled manually by a domain
< “ expert. However, in actual simulation data there are no

predetermined labels since new classes can be created as
the simulation progresses. Also there is no training data
0 to build the initial model foDecision treeandNaive Bayes
PR S K classifiers. For the purpose of this experiment, we artificially
- divided the dataset into training (90%) and testing data
(10%) for all the classifiers that require training data to build
model. Classifier accuracies are averaged t9euns of the
classifiers.

Only KNN and VFI can discover new classes in real
time. Both classifiers calculate a similarity metric for clas-

Figure6: Accuracies of various classifiers

' sification: distance in the case of KNN and votes for VFI
® If this similarity metric is less than a user defined threshold,
o a new class label can be assigned to the defect. However,
* VFI will have to build the whole classification model from
§ ° sumeameaonens] Start whenever a new defect class is discovered. Since large
5 B Weighted Moments number of defect classes can be created in a simulation, re-
< building the classification model repeatedly will degrade the
® performance considerably.
® Thus theLCS algorithm bootstrapped with thENN
© classifier using weighted central moments is the best choice

° in terms of accuracy and efficiency.

KNN Bayes il
Classifier

.2 Scalable Classification - Large Simulations\We use

F'ng duren?n:/ -Ii—hhet adcf:]”?ﬁynﬁf d'_f:ﬁ revr\1,t idﬁfsg'ﬁ:sr;orn\;ve'gnhteﬁpe large datasets, nam@hyo Interstitials, Three Inter-
and unweighted moments. The weighted moments o as%lt'ials, and Four Interstitials for these experiments. Ta-

i 0,
age increase the accuracy by about 8%. ble 1 summarizes the number of frames, size of the dataset,
total number of defects present in the simulation and number

. of.unique defect classes identified by our framework. For all
of atoms depending on the temperature, even though their : i
. . ree datasets, our framework was able to correctly identify

core defect shape remains approximately the same. . X
all'the defect structures. However, given the paucity of space

sampling strategy ensures that no two defects of the savr\llweonly present an in-depth analysis of ffieree Intersti-

class are exacily the same. Each defect, in this e?‘pe”m.%gls dataset. Similar results were also obtained for other
belongs to one of the fourteen classes of single 'mersmé%tasets

defects that are known to arise in Si.

For Comparison purposes, we tried nine different CIaSSif)ataset Numberof Size Total Defects | UniqueDefects
fiers. Figure 6 clearly demonstrates that all classifiers per- Frames | (in GB) Detected
form better when weighted moments were used. Classificg; - <iais 512,000 2 350,000 2641
tion accuracies o¥F1,KNN (K=1) andDecision treebased Threeintorstiials | 200.200 5 320,000 1543
classifiers are comparable (close to 90&YO(SVM based Fourmterstiials |~ 297,000 0 410,000 3261

classifier), also provided good accuracy (85%) but it was
quite slow; classifying 1,400 defects took over 25 minutes. Tablel: Datasets Used in Evaluation
On average the classification accuracy increased by 8% when
weighted moments were used.

Next, we present the classification accuraciedlaive Figure 8 shows the defect evolution of a simulation
Bayes, KNN and VFI. These classifiers are modified to pistarting with three separated single interstitial defects. The
the K most important classes dynamically (as explainei#fects move around in the lattice during the first 19,000
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Figure8: Transitions for tri-interstitials defects. The simulation starts with three separate single interstitials in the first frame
(@). In 20,000" frame (b) two of the defect form new defect. After 130,808ames the third defect combines with the
other defect and forms a large compact defect.

time frames. However, at the 20,000time frame two exist for as few as 100 time frames; however these unstable
of the defects join and form aew larger defect. This defect structures are extremely important since they allow
larger defect does not change for a long period of timene to understand the physics behind the creation of, and
However, at the 130,000 time frame the third defect joinstransitioning to, stable structures. We can easily eliminate
the new defect and forms a single large defect which remathese unstable structures from our repositories by either
unchanged until the end of the simulation. For the remaindeaintaining simple counts or by time averaging the frames.
of this paper we refer to changes in defect shape or typetiamvever, using both these techniques will result in loss of
"transitions”. transition information. To illustrate this point we took the
Though, transitions occur over a large period (thousarsiameThree Interstitials dataset and averaged it over every
of time steps), atoms do not stay at the exact same positl@8 frames. In this averaged data, we found only 18 unique
in two consecutive frames due to thermal noise. Thernmu#fects. It turns out that we found all the possible stable
motion can cause bulk atoms to be labeled as defect atamtractures, but the actual transitioning behavior was lost.
(and vice versa). As aresult, there exist marginal fluctuations
in the shape of a defect from frame to frame. Howevér,2.1 Timing Results: Figure 9 shows the time taken by
the effect of these changes on weighted central mome@tdHMS to complete the simulation and time taken by our
is small. For example, in th&hree Interstitials dataset, framework to analyze the data. The figure also shows
the total number of defect instantiations in the simulatidhe individual time taken byhasel(defect detection) and
was around 320,000. However, our classifier detected oRllyase2(classification). Phaseltakes around 45% of the
1,543 unique defect classes. These 1,543 defects capturdithe and Phase2requires the rest of the time. All the
actual transitions as verified by a domain expert. To reiterag@periments are carried out on Pentium 4 2.8 GHz dual
the use of weighted moments minimizes false positives gmicessor machine with 1 GB of main memory.
ensures robust classification. Our classifier can analyze the data almost 1.5 times
The use of weighted moments and pruningStep 1 faster than the data generation rate. This allows us to analyze
also allows our approach to achieve good scalability. Finditige data and build the defect databases in real time without
the LCSis a relatively expensive algorithm, therefore wdropping/losing any frames. Another advantage is that we
want to use it as infrequently as possible. In most cases #ne not required to store the large simulation file (of the order
number of candidate class&sfrom Step 1(KNN classifier) of 15GB) on disk. All the needed information about defect
of our dynamic classifier is less than three. For examptgpe(s), number(s) and transitions, can be obtained from the
in the Two interstitials dataset 2,841 unique defects wergimulation databases and the summary file.
found however, the LCS algorithm only evaluates less than Next we show how the results produced by the frame-
three closest matches. This underlines the usefulnessvofk can be used for tracking and understanding the move-
the pruning step of our classifier. The discovery of all theent of defects in the simulation.
unique defect classes demonstrates that the correct defect
classes are not pruned away. To summarize, pruning baS&l Meta-stable Transitions: Transitions between meta-
on weighted moments provides scalability to the framewaskable defect structures are important for the description of
without affecting the accuracy. the defect evolution and dynamics. We present experimental
Many of these defects are not stable, i.e, they megsults of a simulation that depicts the transition from one
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Figure10: Capturing the movement of defect

dence problem in this cake Again, all these results have
been verified by our domain expert by manually checking
every frame of the simulation.

a
S

5.4 Generating defect trajectories: From the summary
database produced at the end of simulation analysis, we can
glean important information about the movement of a defect
omms | jn lattices. The summary database provides information to
OPhaset construct a defect’'s motion trajectory over a period of time.
We use a 10,000 frame simulation to show this. In this
simulation the defect moves in thez direction through the
lattice, reaches the end of the lattice and then stays imghe
plane. We found 70 unique defects in this simulation. All the
o detected defects are labeled as one of these 70 classes. Most
Tronierstil Thvee Inerstal Four imersita of these defects were highly unstable. We plot thgy,&)
coordinates of all the detected defect’'s weighted centroid at

. - o each time stamp. Figure 10 clearly shows the movement of
Figure9: Timing Results. The classification of the defects {§o gefect in the—» direction. This idea can be extended

about 40% faster than the MD simulation allowing for reafy, 5 mytiple defect simulation. Since the defects in the

time analysis of the defect evolution. summary database are labeled therefore, it should be fairly
easy to construct multiple trajectories for multiple defects.
By studying these labeled trajectories, one can gain more

def h insight on how a defect evolves and interacts with other
efect to another. defects over time.

The simulation is fairly small but provides important in-
sight into the transition between two relevant defect SUUS- =onclusions
tures in Si [16]. The simulation has 1,300 frames with 67

atoms in each frame and one tri-interstitial defect. We det&this application case study, we propose a two-step clas-

50 unique defects that capture the transitions from the deféfgr (© classify the defects in large scale MD simulation

of type I13us-01 tol3us-03. (These labels are provided by

domain experts). The defect does not SEp_arate into MUltipteCorrespondenceliows the labeling of two defects with the same class
parts; therefore, we do not have to deal with the correspawel at two different time epochs.

© @
S G

N
&

Time (in hours)
o — N
H & S

o

Datasets
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datasetsTheclassifier is scalable and incremental in naturfl0]

New classes of defects can be discovered and added to clas-

sifier model in real time. The approach is also robust to noise
(inherent to MD simulations). We present various noise haf]

L. Dehapse, H. Toivonen and R. King. Finding Frequent sub-
structures in chemical compounds. Knowledge Discovery
and Data Mining 1998.

T. J. Lenosky, B. Sadigh, E. Alonso, V. V. Bulatov, T Diaz

dling schemes and validate these schemes using a physical d€ !a Rubia, J. Kim, A. F. Voter, and J. D. Kress. Highly

model and properties of the lattice systems. We demonstrate
the capabilities of our approach by deploying it on very large
datasets ¥ 4GB). We were able to find a very small NUM; 51

optimized empirical potential model of silicoModeling and
Simulation in Materials Science and EngineeriBg25—-841,
2000.

M. Jiang, T.-S. Choy, S. Mehta, M. Coatney, S. Barr, K. Haz-

ber of unique defect classes from these large datasets. These,5rq p. Richie, S. Parthasarathy, R. Machiraju, D. Thomp-

unique classes capture the defect transitions very well.

We are currently working on solving the correspondence
problem in the context of multiple defects. This will enablgL3]
us to build an automated system to capture important events
such aglefect disintegratiomnddefect amalgamation. An-
other future goal is to understand the interactions among de-
fects in a simulation. Towards this goal, we plan to model il
movement of defect as trajectories, tagged by defect class
labels, and analyze these trajectories. We also plan to ap-
ply other data mining techniques including frequent itemsgt
mining and spatial patterns mining to gain more insight in
the actual defect evolution process.
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