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ABSTRACT

Simulations and computational models have become the common wmdbjett matter experts (SMES) in a
variety of disciplines to explore systems with inhérencertainty. Predictions from these models and
simulations have entered the mainstream of criticalipyglicy and research decision-making practices.
Unfortunately, methods for gaining insight into unexpecietilation outcomes have not kept pace. SMEs
need to understand and explain unexpected behaviors in expl@iboigtions to determine if the behaviors
reflect an error or if they represent new knowledge indikeipline. Common practice is to apply classic
debugging techniques to identify the program statements anchdtib@s that lead to the unexpected
behaviors. This practice is largely manual, it can consyeaes of effort, and it will not scale as models
increase in complexity. Automation of at least a portibthe process has become essential. The automated
process proposed here, CPS, will combine program slicingaarsélcnetworks in a novel manner to identify
potential causality between program statements and unegpeehaviors. CPS will facilitate focusing SME
attention on understanding and explaining the interactionsagfrgom statements whose execution causes
variable state changes that are most relevant to theeoaf unexpected behaviors. Issues that make the
proposed approach research challenging include: identifying kmowledge in exploratory simulation that
can be employed by causal networks, efficiently samplingablaristates and dynamic program slices and
identifying an approach to cluster similar dynamic progriees Evaluation of CPS will employ established
methods for evaluating human productivity tools and inédiom retrieval metrics. The effectiveness of CPS
will be compared to that of the leading debugging, progranpoeimension and fault localization tools. The
thesis of the proposed work is that by these measuresuvliffe deemed more effective than existing tools
and will be a useful contribution by bringing automation thalenging task.



1. INTRODUCTION

The research proposed here addresses improved methods andrteaisldming unexpected outcomes in
simulations used for exploratory analysis. The comimnadf existing software analysis methods such as
program slicing, and data analysis methods such as amigairks, presents an opportunity for a beneficial
outcome. Among the expected benefits are: incorporatiorhigfreer degree of automation in a process that
is currently largely labor intensive, development of a aneffective methodology for the process of
understanding unexpected outcomes, and development of a niecgveftool for retrieving program
statements relevant to unexpected outcomes.

This proposed research is needed. Simulation and compultatiodaling have become mainstays for
exploration in a broad landscape of disciplines. For ex@nguibject matter experts (SMESs) in biology,
chemistry, physics and astronomy employ models and simulati@ystemgFortnow 2009), where system
is defined as the domain or process of interest to the SME.National Science Foundation expects that the
use of models and simulations in more disciplines witeéase over time (NSF 2007). Uncertainty about
system structure is inherent in the modeling and simulatiomasfy systems. This uncertainty results in
unexpected simulation outcomes. As the use of models anthona increases, the need for an automated
methodology for facilitating SME understanding and explanatiaefunexpected outcomes is increasing.
Further compelling arguments regarding the need and impertahdhis proposed research follow the
presentation of relevant, currently accepted definitions.

The combination of models, simulations, uncertainty and expbm possesses an established
terminology and structure that provides a framework forpttogposed research. SMEs develop models by
specifying logical and mathematical relationships to desdridve a system works (Law and Kelton 2000).
The computational evaluation of the model is a simulationhef dystem the model represents, and the
simulation is the artifact that results from modelingtays (Law and Kelton 2000). SMEs construct two
different types of models for systemsonsolidative modelsnd exploratory modelgBankes 1993). A
consolidative modeék the description of the logical and mathematical relatipsshithin the system, where
the relationships are accepted by SMEs in the field. ©hepatational evaluation of a consolidative model is
a consolidative simulatianThe simulation consolidates the information about fis¢esn into a particularly
useful form and can be used as a surrogate for thensyttelf (Bankes 1993). However, for other systems
there exists uncertainty about some of the logical and matteatrelationships. The uncertainty about these
relationships exists because experiments cannot beeckaire to constraints imposed by the nature of these
systems (Whipple 1996; Arthur 1999; Hooke 2000; Cha 2005; Elderd 2006; NSF 2G08).result
consolidative models cannot be constructed for these systestsad SMEs fornexploratory modeldy
making estimations about the uncertain mathematical egidal relationships within the system (Bankes
1993). Constructing an exploratory model is a theory construikwhere the model is the expression of
the theory, and the simulation is the research artifettallows the theory to be evaluated. Other simulations
of the same system, any data from experiments, or 8é&r opinions in the field are used to test the theory.
This gives exploratory simulations their experimental reaflirenouth 1991).

Model requirementexist for both consolidative and exploratory models to iflemind document, in
native language, required model output values for model inpuesallThese requirements are generally
accepted in the field and established through experinsrdsobservation of the system (Law and Kelton
2000; Ghezzi et al. 2003pimulation outputs that are not defined by the model requiresrend do not
match simulations of the same system, data from expeténor SME opinions amnexpected behaviars
Unexpected behaviors in consolidative simulations are bacause of the completeness of consolidative
model requirements and the accepted SME knowledge in theHieldever, due to the incomplete nature of
exploratory model requirements and uncertainties reggrdélationships within the system, unexpected
behaviors are common in exploratory simulations. SMEs megue capability to understand and explain
unexpected behaviors in exploratory simulations to deterihitiee behavior is due to an error or if it
represents new knowledge about the system. If the behavior ejpessent new knowledge the model
requirements are modified to reflect this established knowltmghe system. The process of understanding
and explaining unexpected behaviors is further complicatedpiloratory simulations because of the use of
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continuous and discrete random variables to estimate the aincestationships in the system. The use of
random variables in an exploratory simulation resultuitputs that are random (Law and Kelton 2000). As a
result exploratory simulations often exhibit unexpectdthbiors that are not immediately repeatable.

An effective methodology for facilitating SME understanding axplamation of unexpected behaviors in
exploratory simulations can affect millions of peopleal drillions of dollars. Exploratory simulations are
commissioned and employed by decision makers for policy asalygs answer questions where
experimentation and observation is infeasible. For exampentbility of researchers to explain the results
of the simulation, Episims, has led to public policy debBfdsims models the nationwide spread of the
smallpox virus under various vaccination strategies (Eubanél.e2004). Previous simulations of the
smallpox virus show that a targeted vaccination stratgggre individuals most likely to spread the disease
are targeted for vaccination, manages disease spseasdllaas a mass vaccination for the entire population.
However, the results of Episims show that in the eventsshallpox outbreak the disease spread under the
targeted vaccination strategy is much more severeuhder the mass vaccination strategy. The difference
between these predictions has led to policy debate over "wlmtm®t it's necessary to synthesize enough
smallpox vaccine for the entire country" (Cha 2005). Thetlnstof Medicine of the National Academies has
published a collection of critical opinions of the predictior@f Episims. The chief complaint is that the
simulation developers cannot provide a clear explanatiorhédifference between their predictions under
these vaccination strategies and previously establishiethéss (Baciu et al. 2005). Methodology to facilitate
the understanding and explanation of Episims' behaviors wolpddeesolve this debate.

To address the need for explaining unexpected behaviopgplaratory simulations, | propose Causal
Program Slicing (CPS), which combines program slicing auda networks to provide an effective tool for
SMEs to explore unexpected behaviors in exploratory sifontatProgram slicing is used in a variety of
software analysis tools to extract statements thatedeeant to a particular computation within the program.
Causal networks are used to identify the causal structureasurable variables in medical, economic and
social science studies. The combination of causal netwdthspvogram slicing is attractive because causal
network analysis can be focused on identifying how varaibkeract to cause a phenomenon. This emphasis
on discovery does not require an unexpected behavior in arragojosimulation to be classified as correct
or an error before causal networks can be applied. Fontihe, because causal networks are based in
probability theory they are applicable to exploratory simarfetiwhich use random variables. These tools
motivate my thesis statement:

The purposeful combination of program slicing and causal networkdl wesult in a more effective
methodology than existing tools and practices for facilitating SME denstanding and explanation of
unexpected behaviors in exploratory simulations.

CPS will demonstrate this thesis statement. CPS will @mptogram slicing and causal networks in
combination to identify how the program statements of an eqoly simulation change the states of
variables within the simulation to cause an unexpected leh&urthermore, CPS will focus SME attention
on understanding and explaining the interactions of prograensats whose execution causes variable state
changes that are most relevant to the cause of the unedfrhavior. The goal of CPS is to enable users to
gather insight into unexpected behaviors of exploragimulation by understanding and explaining the
interactions of the program statements that are retestant to the cause of the unexpected behavior.

Two groups of SMEs employ exploratory simulations. Thset fis source code leveSEMEs who
implement exploratory simulations in source code written ainhigh-level programming language.
Accordingly, these SMEs are comfortable receiving insighb iunexpected behaviors of exploratory
simulations in terms of source code written in a higlellgorogramming language. The second group of
SMEs isgraphical tool or library SMEs who implement exploratory simulations using graphicaktant
libraries such as Simulink (Mathworks 1999), Java Modeling ST¢Blertoli et. al 2007), and VisSim
(Planung Transport Verke 2005). These SMEs need insightuinéxpected behaviors in exploratory
simulations expressed in the same graphical tool or ¥ibmarwhich the simulation is designed and
implemented. CPS will be designed, implemented and evdldatesource code level SMEs. However, any
decisions that could preclude CPS from being adapted obwgraphical tools or library SMEs will be



weighed carefully. The effectiveness of CPS will be evallidor the source code level SMEs through
gquantitative and qualitative evaluation criteria, as dised further in Section 4.

2. BACKGROUND AND RELATED WORK

CPS draws on the areas of program slicing, causal ridvamd cluster analysis and it is related to work in
the program understanding and fault localization communitiesviw of this work follows.

2.1 PROGRAM SLICING

Program slicing is a decomposition technique that etdratatements relevant to a particular computation
within the program (Weiser 1981). A program slice provides tlssvanto the question, "What program
statements affect the computation of variabkg statemens?” (Binkley and Gallagher 1996) An important
distinction is that between static and dynamic sliceguriei 1 (a) shows an example program that reads an
integer input n, and computes the sum and the average of thegiositive numbers. If the sum of the first n
integers is evenly divisible by n the program assigns -1 @therwise the program assigns sum to x. The
criterion for a static slice is a 2-tuple consisting @figlnumber of statemestthe name of variabM, where

v is the variable of interest arsds the statement of interest. Figure 1 (b) shows agthde of this program
using criterion {13, x}. Slices are computed by identifying consige sets of transitively relevant
statements, according to data and control flow dependé€niped995). Only statically available information

is used for computing slices; hence, this type of sliceferred to as staticslice.

1 read(n) ; 1 read(n) ; 1 read (n) ;
2 i = 1; 2 i amolp 2 i =1;
3 x = 0; 3 x := 0; 3 x = 0
4 sum := 0; 4 sum := 0; 4 sum := 0;
5 average := 0;
6 while i<= n 6 while i<= n 6 while i<= n
7 sum := sum + i; 7 sum := sum + i; 7 sum := sum + i;
8 i:=1i+ 1; 8 i :=41i + 1; 8 i =4 + 1:;
9 end 9 end ] end
10 if (sum mod n == 0)] 10 if (sum mod n == 0)
11 x = -1; 11 x ;= =1;

else else
12 X = sum; 12 X := sum; 12 X := sum;
13 print (=); 13 print (x); 13 print (=) ;
14 average := sum/n;
15 print (average) ;

@ (b) (0)

Figure 1. (a) An example program. (b) A static dlice of the program using criterion {13 ,x}. (c) A
dynamic dlice of the program using criterion {n =4, 13, x}.

In the case of dynamic program slicing, only the dependencesdbiat in a specific execution of the
program are taken into account. A dynamic slicing édtespecifies the input; it consists of {input, line
number of statemerd, name of variablest. The difference between static and dynamic slicinghast t
dynamic slicing assumes fixed input for a program, wheré&asc sslicing does not make assumptions
regarding the input. Figure 1(c) shows a dynamic slice optbgram in Figure 1(a) using the criterion {n =
4, 13, x}. Note that for input n = 4, the assignment x := ssi@xecuted, and the assignment x := -1 is not
executed. The “if (sum mod n = 0)” branch of staten®mind statement 10 in Figure 1(a) is omitted from the
dynamic slice because the assignment of x := -1 is not executed

CPS uses static program slicing to identify those progtatersents which may affect an unexpected
behavior in an exploratory simulation. This limits, somets significantly, the number of program statements



and variable states that need to be considered in the @ERSia (Atkinson and Griswold 2001). CPS also
collects dynamic program slices to quantify and analyzedifierent executions that are possible for an
exploratory simulation given a set of input configurations.

2.2CAUSAL NETWORKS

A Bayesian network is a graphical model that compactly reptgeghe joint probability distribution of a set
of variables in a directed acyclic graph (DAG). Folyned Bayesian network is a pair @, where: G is a
DAG over the set of variables Z, afidis a set of Conditional Probability Tables (CPTs), sinelt & CPT
exists for each variabldZZ. A Bayesian network is formed by the user supplying any griowledge about
the independence relationships among the variables in Z. €halgs supplies artgmporal informatiorthat
s/he possesses about the relationship among variables. Teimpamalation about two variables p and g
means that a change in variable p occurs in time befateange in variable q. The user supplied temporal
information is used to orient edges in the DAG, G. The pamwledge is then augmented with a CPT for
each variable in Z. Given a variablg Z, the CPT for z contains an entry for each valug, ér all values of
the other variablesxZ. This allows the Bayesian network to provide the probalulity conditional on z,
P(x|z), for all values of z for every instantiatiorxafPearl 1989; Darwiche 2009).

Using the prior knowledge supplied by the user and the CPTeafth variable, existing inference
algorithms can be employed to construct and orient the dujegen vertices forming the DAG, G, of the
Bayesian network. In the DAG, each vertex representgiabla z 1Z and each edge represents a lack of
conditional independence between the variables. Within the netilwerkollowing condition, called the
Markov Condition must hold, “each variable is conditionally pefedent of its non-descendants given its
parent variables.” The following notation is introduceddomally describe the Markov Condition. Given a
variable, z in a DAG, G:

e Parents (2) is the set of variables N with an edge fraim 2

« Descendants(z) is the set of variables M with a digeptath from z to M.

* Non-Descendants(z) are all variables in DAG, G othen t) Parents(z) and Descendants(z).

e« a_||_B | C denotes that the variable a is independent séttloé variables B conditional on the set of

variables C.
Given this notation the DAG, G of the Bayesian network comhpaepresents the following independence
statements: z _||_ Non-descendants(z) | Parents@) forl Z (Pearl 1989; Darwiche 2009).

Bayesian networks allow users to graphically model the depeigdeamong variables but do not allow
users to graphically model causality; causal networks aslditdis shortcoming. A causal network is a
Bayesian network, where the user is willing to make themaggon that the edges imposed from the Markov
Condition denote causality. This assumption is called theaddarkov Assumption: “Given a variable z,
Parents(z) denotes the direct causes of z and Descenfldetsfte z's effects.” The assumption is that a lack
of conditional independence between variables signifies alcalegionship (Spirtes et al. 2000).

The goal of CPS is to employ causal networks to reprekerinteractions of variable states causing an
unexpected behavior in an exploratory simulation. The taesaorks will be used by SMEs to understand
the interactions within an exploratory simulation and eérpléhy an unexpected behavior arises.

2.3PROGRAM UNDERSTANDING

Understanding how a program feature is implemented is ar megearch area of program understanding,
especially when maintaining or modifying an existing paogr Gallagher and Lyle (Gallagher 1989;
Gallagher and Lyle 1991) use static slicing for the decomposgifian program into a set of components
capturing part of the original program’s behavior. Sevethéroresearchers have used dynamic slices to
identify code in legacy systems that relate to a speciieature (Kang and Bierman 1996; Lakhotia and
Deprez 1998; Wong et al. 2000; Wilde et al. 2001). Eisenbarth {f&igénet al. 2001; Eisenbarth et al.
2003) has incorporated static and dynamic slices alongawithept analysis to further automate the same
process.



Ernst's program understanding work, Daikon, is an apprteathst closely related to CPS. The approach
offers an alternative to requiring programmers to annotate wianvariants. Daikon executes a program
on a collection of inputs and extracts variable valuestlag infers the invariants (Ernset et al. 2006). The
invariants assist users in understanding and maintainingaseftRecently, Brun and Ernst have extended the
Daikon approach to finding latent code errors via machineitepover program executions (Brun and Ernst
2004). The technique generates machine learning models of progypenti@s known to result from errors,
and applies these models to program properties of useraitide to classify and rank properties that may
lead to errors. Given a set of properties produced bpribgram analysis, the technique selects a subset of
properties that are most likely to reveal an error.

24FAULT LOCALIZATION

Work on automatic fault location closely matches CPS’ megayoal of understanding and explaining the
causes of unexpected behaviors in exploratory simulafidresgoal of fault localization is to identify a fault
or bug created by a programmer in source code. The faalesran infection in the program state during
execution, causing an externally observable error. Onceerttoe is observed fault localization tools are
applied (Zeller 2002). An initial solution to fault localizatioecords the dynamic program slice from an
execution that passes a test case and the dynamic progeanfr@in an execution that fails the same test
case. Program statements within the dynamic programfsiiing the test case but not in the slice passing the
test case are presented to the user (Agrawal eBaB).1

Jones et al. significantly improved fault localization dolg by offering a statistic to determine the
likelihood that a program statement in a slice thas faitest case contains a fault (Jones et al. 2002). Reinie
offered a nearest neighbor algorithm to analyze the distbetgeen statements in passing and failing
executions to attempt to compute the same statistic nurerately (Renieris and Reiss 2003). Delta
Debugging is a different approach to fault localization thataies the causes of failing test cases by assessing
outcomes of altered executions of the program to deternfiaeges in the program state that create the
difference in the test case outcomes (Zeller 2002; Clev&altet 2005). However, all fault localization tools
require that a user distinguish between valid and idvakhavior (an error). This is not possible for
unexpected behaviors in exploratory simulations. Furthenbese tools are not applicable to software that
uses random variables.

2.5CLUSTER ANALYSIS

Clustering algorithms are often employed to enable SME®Rderstand phenomena of interest in a variety of
fields. The goal of clustering is to separate a finit@belled data set into a finite and discrete set ofaist
(Xu and Wunsch 2005). The data within clusters is groupeatdiog to whether a piece of datasigilar to

the other pieces of data in the cluster. Clustering is ubigsiiand a wealth of clustering algorithms and
definitions of similarity have been developed to solve diffepeablems in specific fields. However, there is
no clustering algorithm or definition of similarity thaarcbe universally employed to solve all problems (Xu
and Wunsch 2005). Despite the lack of a universal clustatgayithm, several different research efforts have
successfully applied clustering algorithms to group programuéioes (Liu et al. 2007; Leon et al. 2007).
CPS will use clustering analysis to group similar exeostiof exploratory simulations together. Then, CPS
will generate a causal network that represents how ititenacof the variable states and program statements
within the cluster cause the unexpected behavior. The exipadwthat many different executions fall into a
few groups, that similar executions share a similau@rite on the unexpected behavior in an exploratory
simulation, and that clustering analysis can group teeseutions together.

3. PROPOSED REASEARCH

Four research objectives in support of realizing CPSpeegented. These will demonstrate my thesis and
constitute novel work in computer science:



1. The demonstration that static analysis tools can be used to tiflerprior knowledge about
independence and temporal relationships among variable states wékpioratory simulations.

2. The demonstration that the variable states and executable dynanmdgram slices within exploratory
simulations can be efficiently sampled.

3. The demonstration that causal networks revealing the struetwf program statements causing an
unexpected behavior can be generated for clusters of exploratorylsition executions using the data
provided in research objectives (1) and (2).

4. The demonstration that the clusters of causal networks providedesearch objective (3) are more
effective in facilitating user understanding and explanation dfet unexpected simulation behaviors in
exploratory simulations than existing tools and practices.

In the remainder of this section the proposed shape of €RSgarch plan to complete the development
of CPS and the expected contributions of CPS are presented

3.1 THE SHAPE OF CPS

The goal of CPS is to employ causal networks to reprableninteractions of variable states causing an
unexpected behavior in an exploratory simulation. CPS begitls the SME identifying program state
representing the unexpected behavior. Once the unexpeetbedior has been identified, the CPS process
will start with the application of existing static anatysools to the exploratory simulation exhibiting
unexpected behavior to provide prior knowledge about the independeddemporal relationships among
variable states. Next, the exploratory simulation willittrumented to collect the values of each variable
state which can affect the unexpected behavior. Themxhleratory simulations will be run for a set of SME
supplied inputs to collect the data required to generate thg¢Rditional probability table) associated with
each variable state. The executions resulting from thef esfploratory simulation runs will be grouped based
on their similarity using cluster analysis. Finally, siig algorithms will be employed to generate a causal
network for each cluster of executions. The resultingsah networks will identify, for each cluster of
executions, how the interactions of variable states causetxpected behavior. These causal networks will
be used by the SME to understand and explain the unexpectetibb@h#he exploratory simulation.

read(n) ;
i:=1;

x :=0;

sum := 0;
average := 0;
while i<=n

R P ©OWOO~J100 0 & WP

sum := sum + rand (0, n);
i:=1i4+1;
end
0 if (sum mod n == 0)
1 x := -1;
else
12 X := sum;
13 print (x);
14 average := sum/n;
15 print (average);

Figure 2: A variation of the program in Figure 1 that usesrandom variables.

The program shown in Figure 2 will be used as an exampleghoot this section to motivate and
describe each component of CPS. The program is a varitibre program shown in Figure 1(a) that uses
random variables. The program takes an integer input rcamgputes the sum of n samples taken from a



uniform random number distribution between 0 and n, wherle sample is an integer. If the sum of the n
random samples is evenly divisible by n then -1 is assigna&dIf the sum of the n random samples is not
evenly divisible by n then sum is assigned to x. The vdluaoprinted. Finally, the average of the n random
samples is computed and printed.

3.1.1APPLYING STATIC ANALYSISTO PROVIDE PRIOR KNOWLEDGE FOR CPSANALYSIS

CPS will begin with the user identification of the stateff the program that represents the unexpected
behavior. The program statement in the source code of therabqely simulation at which this state can be
observed is identified by its line number The variable storing the value of interest relatethe unexpected
behavior is identified by the variable, In the example in Figure 2, the unexpected behavior iprihted
value of x in statement 13. This behavior is identifiéidh yi3, x}.

Next, static program slicing will be applied using theistslicing criterion §, v}. The static program
slice will identify all statements in the simulationsusce code containing variables that may influence the
unexpected behavior. Figure 3 shows the static programflitee program in Figure 2 given the static
slicing criterion representing the unexpected behavior, {13,Ngtice statements 5, 14 and 15 which
compute the average of the n randomly drawn integers andoarelevant to the computation of x in
statement 13 and thus have been removed. In preliminarl, wtatic program slicing has been used
successfully within CPS to conservatively focus the armlgsithe variable states and program statements
that affect the unexpected behavior within the explorasanulation (Gore and Reynolds 2009a; Gore and
Reynolds 2009b).

1 read (n)
2 i:=1;
3 x :=0;
4 sum := 0;
6 while i<=n
7 sum := sum + rand (0, n);
8 i:=1+1;
9 end
10 if (sum mod n == 0)
11 x = -1;
else
12 X := sum;
13 print (x);

Figure 3: A static dice of the program using criterion {13 ,x}.

Next, static data dependence and flow analyses will beegpfui the statements in the static program
slice. The analyses will be used to provide prior knowledgeutathe independence and temporal
relationships among variable states in the slice. TpydiGation of theses analyses is proposed work. The
expectation is that static data dependence analysisdeiitify independence relationships among variable
states and static data flow analysis will identify temporal relationships among variables. The challenges
associated with this work and directions for solutimndiscussed further in Section 3.2.1.

By employing these static analysis techniques the scopgbheofCPS analysis will be conservatively
bounded affording more efficient, yet still complete asisly Furthermore, the prior knowledge about the
independence and temporal relationships of variable stdtdsevgupplied to CPS to help generate the causal
network of the interactions causing the unexpected behaitloout any effort from the SME.

3.1.2 PREPROCESSING EXPLORATORY SIMULATION PROGRAM STATEMENTS

Following the application of static data dependence and dloalyses the statements in the static program
slice will be preprocessed by a CPS preprocessor. Theopesgor will instrument the source code in the
exploratory simulation to collect the value and addréssoh variable state in the static program slice when
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the exploratory simulation is executed. These varialiee stalue samples will be used to form the CPTs
required for the causal network. Currently, the CPS pogmsor does not capture the values of all array
component variable states and all variable states wlibojps (Gore and Reynolds 2009a). It also does not
capture the addresses of the program statements in whisk tleiable states appear. Instead, the
preprocessor aggregates all components of an arrawgimgke variable state sample and all iterations of a
loop into a single variable state sample. Refining the @BRrocessor in these capacities is future work. The
challenges associated with this future work and direcfmmsolution are discussed further in Section 3.2.2.

3.1.3 SAMPLING THE VARIABLE STATESAND DYNAMIC PROGRAM SLICES

Once the preprocessing step is complete, the SME willifgeghe set of input parameter configurations for
which s/he is interested in gaining insight into the unexgaelbehavior. The exploratory simulation will then
be executed for each configuration. The source code indprtibe CPS preprocessor will collect the samples
for the value of each variable state and the addrescbfes@cuted program statement which is included in
the static program slice. The collection of addressesdoh executed program statement will form a dynamic
program slice. Each dynamic program slice will be dased with the set of samples that it generated.

Recall, for exploratory simulations which use randomaladeis, there exist different possible outputs (or
behaviors) for a fixed input (Law and Kelton 2000). Most saféaanalysis tools for sequential programs
assume that for each input there exists only one possilgataud that for each input there exists only one
possible dynamic program slice to be executed. Theafamimption is never true for exploratory simulations
that employ random variables and often the second assurigptiontrue either.

Figures 4(a) and 4(b) help elucidate the issues that Enimianalysis when these assumptions are made.
Figures 4(a) and 4(b) show the two possible dynamic program skieg criterion {n = 5, 13, x} for the
program in Figure 2. Figure 4(a) shows the dynamic progriae sthen the sum of n random numbers is not
evenly divisible by n. Figure 4(b) shows the slice when theistevenly divisible by n.

1 read(n) ; 1 read(n) ;
2 i::=1; 2 iz=1;
3 X :=0; 3 x = 0;
4 sum := 0; 4 sum := 0;
5 average := 0; 5 average := 0;
6 while i<=n 6 while i<=n
7 sum := sum + rand (0, n); 7 sum := sum + rand (0, n);
8 ic=1i+1; 8 izx=1i+1;
9 end 9 end
// (sum mod n == 0) == true
11 x = -1;
// (sum mod n == 0) == false

12 X = sum;
13 print (x); 13 print (x);
14 average := sum/n; 14 average := sum/n;
15 print (average); 15 print (average);

@ (b)

Figure 4: (a) One possible dynamic program dlice of Figure 2 using criterion {n=5, 13, x}. (b) Another possible
dynamic dlice of Figure 2 using criterion {n =5, 13, x}.

Analysis that only employs one dynamic program slicelferpgrogram in Figure 2 will not capture all the
possible behaviors. Furthermore, even if only one of thgsamic program slices is possible different values
for a single variable state are possible. In the prognaigure 2, given input n=5, the value of the variable
state of x in statement 12 can be 0, 5, 10, 15, 20, or 25 if thaniymeiogram slice in Figure 4(b) is
executed. Currently, CPS addresses these issues forngeg Monte-Carlo sampling for each input
configuration multiple times when the exploratory simulatohibiting unexpected behavior uses random
variables (Gore and Reynolds 2009b; Gore and Reynolds 2009c). Howgsgesplution to sampling is
inefficient, in terms of time and space. Developing aenedficient approach to sampling variable states and



dynamic program slices of exploratory simulations is futw@k. This challenge along with several
directions for solutions is described in Section 3.2.3.

3.1.4 APPLYING CLUSTER ANALYSISTO GROUP THE SAMPLES

Following the CPS collection of a representative sampbtlynédmic program slices and variable states for the
SME supplied set of input configurations for the exploratamufation, cluster analysis will be applied to
group similar dynamic program slices together. The applicaticzluster analysis addresses the following
problem: many different dynamic program slices can be Iplesdor a set of SME supplied input
configurations. Each configuration can result in at |least different dynamic program slice. When the
exploratory simulation uses random variables many dynamicrgroglices may be possible for each
configuration. For some exploratory simulations over 10,00@rdifit dynamic program slices are possible
for a single SME supplied input configuration (Gore and Reyrz0@9c).

The current solution employed by CPS to address this pnoBléo generate a single causal network for
all the dynamic program slices collected for the set oESMpplied input configurations (Gore and Reynolds
2009a; Gore and Reynolds 2009b). The example program in Figurea2Sivlt supplied configuration set of
only n=5 elucidate the shortcoming of this solution. RecalltHisr example, the unexpected behavior is the
value of x in statement 13. The single causal network geefar this example is shown in Figure 5(a). The
causal network in Figure 5(a) aggregates the dynamic groglice and the associated variable state values
shown in Figure 4(a) with the dynamic program slice and thecéged variable state values shown in Figure
4(b). This is the shortcoming of the single causal networkisal the SME cannot determine the different
interactions of the program statements which cause thegpnagfate representing the unexpected behavior to
have different values because the different dynamic proghaes are aggregated.

In this example the dynamic program slices should be groumedtwo clusters: one cluster that
corresponds to the dynamic program slice in Figure 4(a) aadand cluster that corresponds to the dynamic
program slice in Figure 4(b). The causal networks genefateshch of these clusters are shown in 5(b) and
5(c) respectively. Here, the different interactions cagsie program state representing unexpected behavior
to have different values are evident to the SME. Ideniifin existing clustering algorithm and developing a
definition of similarity for exploratory simulation dynamic prag slices that will enable clustering to be
effectively applied within CPS is future work. This teage along with several directions for solutions is
described in Section 3.2.4.

3.1.5 GENERATING CAUSAL NETWORKSOF THE PROGRAM STATEMENTS

Once the cluster analysis within CPS has grouped theriff dynamic program slices, a causal network will
be generated for each cluster. Each network will be gemkefeom the prior knowledge identified by the
static analysis tools and the samples of the variablesstesstisociated with the dynamic program slices in the
cluster. CPTs will be formed for each unique variasdilte address from the samples associated with the
dynamic program slices forming the cluster. The variataliees will serve as the variables in the network.

Next, established algorithms will be employed to constructatanesworks describing the interactions
among the variable states which cause the unexpected behdearesult will be a chain of variable states
describing how each variable state influences the oth&bles, and the unexpected behavior. The proposed
combination of causal networks with program slicing enatiesinfluence variable states have on one
another and the unexpected behavior to be quantified.

The strength of a causal influence is measured as tl@usbsalue of the correlation coefficient
(between [0, 1] inclusive) between two variable states; giliahthe two variable states cannot be made
conditionally independent by conditioning on any other variable or setrizfbles within the causal network.
This condition is reflected through an edge between thevéniables in the network (Spirtes et al. 2000).

Each variable state in the causal network with a canaénce that is over a SME specified threshold
will be mapped back to the program statement that cahsedhariable’s state to change. Finally, a graph of
the chain of program statements that have a causal influmnthe unexpected behavior will be displayed to



the SME. The graph is annotated with the causal influende magram statement has on the unexpected
behavior or another program statement over threshold. The grapbet SME attention on understanding
those statements in the program’s source code with thegssbcausal influence on the unexpected behavior.

The notion of causal influence does not directly trangtata the open world where causal networks are
often applied to the closed world of exploratory sirtiata The quantified causal influence employed by CPS
will not have semantic meaning in terms of cause andtdfitween variable states and program statements.
Instead, causal influence will be used in a manner girtdldhe page ranking heuristics used by Google's
page rank algorithms (Langville and Meyer 2006). This idea,thigainteractions of some variable states are
more important to the explanation of a behavior than qthergstablished within the fault localization
community (Weiser 1981; Zeller 2002; Cleve and Zeller 2005). CRSsheacessfully generated causal
networks for dynamic program slices from exploratory siniatin a variety of fields (Gore and Reynolds
2008; Gore and Reynolds 2009a; Gore and Reynolds 2009b). However, exmtrergquantitative
definitions of causal influence to improve CPS’ effectivenés facilitating SME understanding and
explanation of unexpected behaviors is future work. Thitoextion is described in Section 3.2.5.

CPS will also specify to the SME how frequently eaclihef different causal networks associated with
the clusters is executed for the set of SME supplied inpuigeoations. This allows the SME to understand
how often a given causal network reflects the interactidribe program statements causing the unexpected
behavior. The two causal networks associated with thelwgbers formed from applying CPS to the example
program in Figure 2 are shown in Figure 5(b) and 5(c). Tlypémcy of each cluster of dynamic program
slices is also provided. It is important to note thatnewesuch a small example two different clusters are
needed and the causal network of each cluster has differgnt structure and frequency of execution.

Executed 80% of thetime. Executed 20% of thetime.

1 read {(n}; read (n);
| 8721
8689
L 2
6 while i <= n & while 1 <= n
T sum = sum + rand{0,n);:} 7 sum := sum + rand(0, n);
9 end 4 and
6009 1.000
v ¥ ff (sum mod n == 0) == true
10 if (sum mod n == 0} S {sum mod n == 0) == false 11 X im =3
11l ® = -1; i2 X 1= gum;
LA 1.000
12 X 1= guam; 1.000
1.000 |
13 print (x): 13 print (x}; 13 print (x);
(@) (b) (©)

Figure5: (a) A single causal network for all the dynamic program dicesin Figure 2. (b) The causal network for
the dynamic program dlicesin Figure 4(a). (c) The causal network for the dynamic program dicesin Figure 4(b).
All three causal networks (a-c) have a SME specified causal influence threshold of .5.

3.2RESEARCH PLAN

The research plan for this proposed work consists agfefjgence of tasks that must be completed in order to
meet the research objectives presented at the beginninig skection.

1. Develop an approach to applying static analysis tools to identify pricowiedge about temporal and
independence relationships among variable states within exploratonukations. This prior knowledge
must be in a form that can be used by causal netwGhallenges: Causal networks have not previously
been applied to software. As a result, identifying how prior kadgé about variable states within an
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exploratory simulation can be supplied to causal netwesrisnew research challenge. Two types of prior
knowledge need to be supplied to the causal network: informaggarding the independence
relationships among variable states and the tempoadiomthips among variables states.

Static data dependence analysis is expected to provide kpriavledge about the independence
relationships among variables states. The analysis igsngifly variable state that may reach a candidate
variable reference (Ranganath 2006). The expectation idathaach candidate variable state in each
remaining statement CPS will apply static data dependemdgsantools to determine the variable states
in remaining statements that are data dependent onntiglate variable state.

Static data flow analysis is expected to provide prior kndgdeabout the temporal relationships
among variable states. Static data-flow analysis igcanique for gathering information about the
possible set of values calculated within various Vdeistates for a given program variable (Ranganath
2006; Chang and Jo 2002). Data-flow analyses often employ micihotv graph (CFG) for the program
which is used to determine the variable states where &yartvalue assigned to a variable might
propagate. The expectation is that CPS will apply state #iiat analysis tools to identify the temporal
order of the variable states which propagate valudsetanexpected behavior.

Refine the CPS preprocessor to capture the values of array compiovariable states and variable
states within loops. Also capture the addresses of the prograrersits in which these variable states
appear. ChallengesDue to the current implementation of CPS, which only ge¢eera single causal
network for the set of SME supplied input configurations, tR& @reprocessor does not collect these
variable states and addresses. The future applicationstéchnalysis in CPS is expected to alleviate this
restriction. A refined CPS preprocessor will use a progiracing utility, such a ptrace (Padala 2002a;
Padala 2002b) to capture all variable states values aratithesses of all executed program statements
that affect the program state(s) representing the unegbetavior.

Develop an approach to efficiently sample variable states and dyngmigram slices within an
exploratory simulation; efficiency is measured in terms giage and timeChallenges: CPS requires a
representative set of samples of variable states and dypamgjram slices to generate causal networks of
the interactions of variables states within an exployasamulation. For exploratory simulations which
employ random variables each input configuration needs to fteled multiple times. Applying a
straightforward approach of repeatedly executing the atmul and recording the variable states and
dynamic program slice for each input configuration willuiegg an overwhelming amount of space and
time. Exploring symbolic execution algorithms used within thexleh checking community to improve
the time efficiency of generating these samples is promigigrke et al. 2000). Also compression
algorithms will be explored to improve the spatial efficierof storing the dynamic program slice
executions that result from an exploratory simulationifgVand Roychoudhury 2004).

Develop a definition of similarity and identify an existing dtering algorithm to effectively group
exploratory simulation dynamic program slices. ChallengeSctual exploratory simulation dynamic
program slices will not be as simple to cluster as thauhja program slices of the program in Figure 2.
Identifying the characteristics of dynamic program slicest thill be included in the definition of
similarity required by clustering algorithms will be clesiging. Furthermore, there is not a unified
clustering framework that works for all problems. Theextation underlying the application of cluster
analysis is that many of the dynamic program slices shiani&ar characteristics, and those characteristics
can be identified and categorized in a small numbgradps. This expectation has been shown to be true
of dynamic program slices within software employed in @etaiof domains (Liu et al. 2007; Leon et al.
2007). The exploration for an effective clustering algorithm fégin with algorithms used in these
research efforts.

Explore alternative quantitative definitions of causal influeacto improve CPS’ effectiveness in
facilitating SME understanding and explanation of unexpected behaviarsekploratory simulations.
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Challenges:The absolute value of the correlation of a variable idedtdi® a cause of another variable is
used to measure causal influence in causal network conyr(&piirtes et al. 2000). However, it is not
necessarily the definition of causal influence that walitin the most effective CPS analysis for SMEs
tasked with understanding and explaining unexpected behawvioexploratory simulations. Several
different quantitative metrics have been developed in #udt flocalization community to identify
program statements whose executions are most likely to eapsggram run to fail a test case (Zeller
2002; Cleve and Zeller 2005; Renieris and Reiss 2003; Jones et al. EA0R)of these established
definitions will be explored to identify the definition ofusal influence that offers the most effective
CPS analysis for facilitating SME understanding and expiam of unexpected behaviors.

Establish and conduct the evaluation of CPS. Challeng&sie details and challenges associated with
the research setup and methodology of the CPS evaluatiois@rssed in Section 4.

3.3 EXPECTED CONTRIBUTIONS

1.

The demonstration that the information static analysis toolsritdfy about independence relationships
among variable states within exploratory simulations can be useéatifely in causal networks as
prior knowledge.CPS will apply causal networks to facilitate SME understam@nd explanation of
unexpected behaviors in exploratory simulation. The demdiostrinat static analysis tools can provide
the prior knowledge about variable states in software, regjby causal networks, will enable other
computer science researchers to explore applying causal netwa@aftware for other purposes.

The quantification of the probability distribution of dynamic prograsiices in exploratory simulations
that employ random variablesCurrently, there is no software analysis methodology for progtdat

use random variables. This is due, in part, to the uncertagstociated with the dynamic program slice
that is executed for a given input, for this classaffvgare. CPS will address this issue enabling research
in software analysis for programs using random variables

The development of a more effective tool for facilitating SMiBderstanding and explanation of
unexpected behaviors in exploratory simulations than currentkjsts. The effectiveness of CPS for this
contribution will be evaluated through qualitative evaluatriteria described in Section 4.

The development of a more effective tool for retrieving programatements relevant to an unexpected
behavior in an exploratory simulation than currently existslhe effectiveness of CPS for this
contribution will be evaluated through quantitative evatratriteria described in Section 4.

4. EVALUATION

The success of CPS in addressing the thesis and obgeofitke proposed research will be evaluated. The
evaluation is described by measures of effectiveness gY|@ieasures of success (MOSs) and the existing
tools, representing the state of the art, which CPSwiltvaluated against.

The evaluation of CPS will require some research seatofuding: identifying existing case study

exploratory simulations exhibiting unexpected behaviorsideatifying SME collaborators. Previous efforts
of the MaSTRI research group have established contactiseirdepartments of environmental science,
materials science, mechanical and aerospace engineerisigsphgd neurological surgery at the University
of Virginia. The use of these contacts as well as cttaithin the department of computer science is
expected to yield case study exploratory simulations exhihitirgxpected behaviors and SME collaborators
that will benefit from CPS.
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4.1 MEASURES OF EFFECTIVENESS

Two measures of effectiveness will be employed to evalG&8: Multi-dimensional In-depth Long-term
Case Studies (MILCs) and the average precision measurerugesl information retrieval community (IR)
(Shneiederman and Plaisant 2006; Singhal 2001). The MILCs are enhptoygialitatively measure how
effective CPS is in facilitating SME explanation and un@&ding of unexpected behaviors in exploratory
simulations. This is the goal of CPS. The average poecistandard measures CPS’ ability to retrieve
program statements that are relevant to an unexpectedibem an exploratory simulation. This is not the
primary goal of CPS. However, successful evaluation ofS GHth this measure will demonstrate
quantitatively how CPS improves the state of the art inyaisabf exploratory simulations. This state of the
art capability, in part, will allow CPS to improve the staff the art in facilitating SME explanation and
understanding of unexpected behaviors in exploratory siiongtlf CPS is more effective than existing
tools for the average precision measure it will not only stimav the CPS methodology is successful in
achieving its goal but that CPS also offers success$ehreh directions in analysis of software that employs
random variables.

1. CPS will be evaluated through five MILCMILCs define a process for studying the benefit of tools
which enable user insight (Shneiederman and Plaisant 200@ndltielimensionahspect refers to using
observations, interviews, surveys, and automated loggiagsess the utility and effectiveness of a given
tool to users. Then-depthaspect is the intense engagement of the tool developer(shoaran expert
user(s) to the point of developing a partnershimg-termrefers to studies that can be measured in 6-
month termsCase studiesefers to the detailed reporting about a small numbgrddfiduals working on
their own problems outside of the tool's development. Thehebwifive different SME collaborators
participating in the MILCs. In preliminary work CPS hasrbaeplied to simulations consisting of ~10K
lines of source code. The size of the MILCs case study aiion$ will be within the same order of
magnitude. The MILCs evaluation of CPS requires IRB apprewdeys, interview questions and
proposed observation sessions. The IRB is responsible foewieg all university research for
compliance with mandated research guidelines. GettiBgaproval requires iterative modification and
can take several months. Thus, the drafting and submittingunfeys, interview questions and
observation sessions must begin immediately to ensurththatvill be available for evaluation.

2. CPS will be evaluated through the average precision measueerage precisions an evaluation
criterion established in the IR community. IR is the scierfceearching for documents, information
within documents and relational databases (Singhal 2001).pfididem of identifying the program
statements that facilitate user understanding and exmanafi unexpected behavior in exploratory
simulations can be cast as an IR problem. Similéolyls to isolate those program statements which are
relevant to user understanding and explanation of the unegssita@vior can be considered IR tools. A
program statement is relevant to an unexpected behather execution of the program statement affects
the value of the unexpected behavior (Tip 1995). Retrievirigrstants relevant to a specified behavior is
the goal of static and dynamic program slicing tools (Tip 19@&iser 1981; Korel 1994).

In the context of retrieving program statements relevanart unexpected behavigrecision is
defined as: the number of program statements retrievatebjool that are relevant to the unexpected
behavior divided by the number of program statement&vetliby the tool (Salton 1983; Singhal 2001).
Average precision takes the precision statistic a stepefulbthemphasizing returning statements that are
more relevant to the unexpected behavior early to the éserage precision is the average of the
precision of each statement after truncating the listatements returned by the tool at some number N.

N
P(r
Average precision is defined by the following: Average precisier= Zr:l - ()
# of statemeni with relevanc >0

(Salton 1983; Singhal 2001). Herds the rank assigned to a retrieved statement by theNadslthe
number of statements the tool must rank, Bf)ds precision of the statement at a given rank. Thefist
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statements is returned to the user in ascending rank &daehn statement at a given rank has a precision
between [0,1]. This precision is determined by how often thersttt, when executed, affects the
unexpected behavior. Within an exploratory simulation thas amt use random variables, for a given
specified input, the precision of a statement is eithar D @he statement is either executed and affects
the unexpected behavior for a specified input or it doesHmwever, for an exploratory simulation that
does use random variables the precision of a statementariagtiween 0 or 1. In this case, the precision
depends upon how often the random variables in the simuladisseca statement to be executed and
affect the value of the unexpected behavior. For exartimeprecision of statement 11 in the program in
Figure 2, given the behavior { 13, x} and the SME supplied inp6t is=.20 because statement 11 affects
the computation of x in statement 13 20% of the time when thegmog executed for the input n = 5.

The average precision of existing tools and CPS will bepabed for five published simulations
using truncation points of N set to 5%, 10% and 20% of the nuaflstatements in the source code of
the simulations. These truncation points are establishedrequently used within the IR community
(Salton 1983; Korfhage 1997). The published simulations that withibsen will have the property that
the average precision of each of the program statementbecatetermined analytically due to the
structure of the simulation. The published simulations with gnoperty will come from the fields of
gqueueing theory, materials science, and physics (Dps@and Chou 2005; Kleinrock and Gail 1996;
Rios et al. 2009). Choosing published simulations with these piepatiows the control or ground truth
of the average precision of the program statements in theladion source code to be identified
efficiently and correctly.

4.2 MEASURES OF SUCCESS

1. CPS will be successful if 3/5 of the SMEs who participatetie MILCs report that CPS is more
effective than any tool they have previously employed inilitating their explanation and
understanding of unexpected behavior(s) in exploratory simulatiohse expectation is that all 5 of the
SMEs in the MILCs will report that CPS is more effee than any tool they have previously employed.
However, the 3/5 measure represents real progress, arms &tir the discovery of types of unexpected
behaviors that will not benefit significantly from CPS.

2. CPS will be successful if 1) it has a higher average premisin an least one of the MILCs for all three
truncation points than all of the existing tools and 2) it always laast matches the highest average
precision of the existing tools in each of the five MILCs feach of the three truncation pointdNo
existing tool repeatedly samples the variable states grgrostatements within dynamic program slices
to determine the frequency with which they are exec @& will. Thus, for exploratory simulations that
use random variables, CPS will be able to estimate trasime of each statement in the exploratory
simulation for a given input. Due to this advantage, the e¢apec is that CPS will have a significantly
higher average precision than existing tools for exploratonylations that use random variables. This
expectation is due to CPS’ capability to rank and rethin statements with the highest estimated
precision. For those simulations that do not use randorablesi the expectation is that CPS will still
perform as well as existing tools because it will captoegorogram statements that affect the unexpected
behavior for each given input through dynamic program sli¢kegall, this standard of success does not
measure the ability of the causal networks generated by G@R&cititate SME understanding and
explanation of an unexpected behavior. Instead, it mesashe ability of CPS to improve the state of the
art in retrieving program statements relevant to an um¢ggebehavior in exploratory simulations.
Success under this measure will be responsible, in pa@H8’ success under the MILCs measure.

4. 3EXISTING TOOLS

CPS will be evaluated through the average precision measdmlILCs. In the MILCs evaluation each SME
will identify the existing tools s/he previously used toiliste an explanation of unexpected behaviors.
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However, the SMEs will also be provided a set of existowstto employ. Here each of these toals is
described. Most of these tools are available as partlggse (Eclipse Foundation 2009) or as a plug-in to
Eclipse. Eclipse is a multi-language software developmetibpia consisting of an integrated development
environment (IDE) and a plug-in system to extend it. Iteg #o download and extend via the plug-in system
(Eclipse Foundation 2009). Each of the existing tools CPSwiltvaluated against for the average precision
measure is also described here. These tools represepetirum of different methodologies for retrieving
program statements relevant to a behavior: symbolicuec static and dynamic program slicing.

1. Kaveri - Kaveri is a modular static program slicer for Javatbudling the Indus program analysis
framework with an Eclipse-based user interface. Kagerierates static program slices from within
Eclipse along with an intuitive Ul to view the slice (degman 2005). Kaveri will be used in the MILCs
and average precision evaluation.

2. Eclipse Debugger- The Eclipse debugger is composed set of plug-ins includddn Eclipse. It
provides all standard debugging functionality, including theitgbib perform step execution, to set
breakpoints to inspect variables and set values, asdgjpend and resume threads. Eclipse also has a
special Debug view that allows users to manage the debuggingrong of a program within the Eclipse
IDE (Eclipse Foundation 2009). The Eclipse Debugger will be usgte MILCs evaluation.

3. DDState- DDState is an eclipse plugin that realizes Zell@&ta Debugging approach (Zeller 2002;
Clevle and Zeller 2005) to automated fault localization. BADSs inclusion in the evaluation set of
existing tools represents the state of the art in autonfiatdtdiocalization. In (Zeller 2002; Clevle and
Zeller 2005) the algorithm underlying DDState outperformed Jehat’s Tarantula (Jones et al. 2002),
and Renieris’s (Renieris and Reiss 2003) nearest neighboraapgmfault localization. DDState will be
used in the MILCs evaluation.

4. Java Path Finder (JPF)— JPF is an open source Java virtual machine that symalbplexecutes a
program for all possible paths for a given set of inputsv@tund and Pressburger 2000). JPF tracks every
program statement it symbolically executes to test thgrano for property violations like deadlocks or
unhandled exceptions. It can be adapted to retrieve progreemstds relative to an unexpected behavior
by returning the statements along all possible paths reléwva particular program state for a given input
abstraction. JPF will be used in the average precision ¢iaiua

5. JSlice - JSlice is a dynamic program slicing tool for Java @og. It collects and analyzes program
statements in execution traces in a compressed form (&rahBoychoudhury 2004). JSlice will be used
in the average precision evaluation.

5. CONCLUSION

Every day public policy debates surrounding exploratory simamsitsuch as Episims (Cha 2005) hinge on
the ability to understand and explain unexpected behaviors.can policy makers make informed decisions
involving billions of dollars and millions of people in cafdhce when poorly understood behaviors in
exploratory simulations are pervasive? Methodology to imprav& Sinderstanding and explanation of
unexpected behaviors in exploratory simulations is neelisdiotivates CPS.

CPS will automate the process of understanding unexpected lrshaitio a methodology to construct
causal networks of clusters of exploratory simulation exaagsit The causal networks will gather the insight
that enables a SME explanation of an unexpected behaviw. eValuation plan will measure the
effectiveness of this insight to SMEs and CPS’ abilityrétrieve program statements relevant to an
unexpected behavior. All together the proposed researciprneilide SMEs with an improved methodology
to facilitate the understanding and explanation of unexpdeieaviors in exploratory simulations.
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