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FOREWORD

Welcome to Agent 2007, co-hosted by Argonne National Laboratory and Northwestern University, in
association with the North American Association for Computational Social and Organizational Science
(NAACSOS). This is the eighth year of the Agent conference series. As at previous meetings, this year’s
conference maintains a three-theme organization: (1) methods, toolkits, and techniques; (2) computational
social theory; and (3) social simulation applications.

The broader theme of the 2007 conference is Complex Interaction and Social Emergence.

Agent modeling has transformed scientific methodology across a number of disciplines. One of the
strengths of agent simulation is its ability to represent fine-grain and dynamic interactions among diverse
types of actors. Because rich interactions are a frequent source of emergent complexities — including
social norms, institutions, and transformations — this focus has significant theoretical potential and, thus,
implications for computational techniques and various types of applications, as well. Agent 2007
encourages researchers to explore and report on their modeling of complex interactions and on the diverse
forms of emergence that arise from their work.

Our invited speakers — lan Foster, Rosaria Conte, and Leigh Tesfatsion — are leaders in their fields,
with contributions in diverse areas of agent-based modeling. lan Foster is the Arthur Holly Compton
Distinguished Service Professor of Computer Science at The University of Chicago and Director of the
Computation Institute, a joint project between The University of Chicago and Argonne National
Laboratory. At Argonne, he leads computer science projects aimed at developing advanced distributed
computing (“Grid”) technologies.

Rosaria Conte is a cognitive and social scientist and head of the Laboratory of Agent-based Social
Simulation at the Institute for Cognitive Science and Technology at Italy’s National Research Council.
She also teaches Social Psychology at the University of Siena. Her research fields of interest range from
agent theory and architecture to multi-agent systems, and from game-theory to cultural evolution and
social simulation.

Leigh Tesfatsion is a Professor of Economics at lowa State University whose current research focuses on
agent-based computational economics (ACE), the computational study of economic processes modeled as
dynamic systems of interacting agents. Her particular interest is the development of empirically based
ACE frameworks for the study of restructured electricity markets.

The combination of conference presentations will help us to explore the present results and future
prospects of agent-based modeling. We hope that you will find the conference to be both educational and
stimulating. We appreciate your participation and look forward to your future contributions.

The Center for Complex Adaptive Agent Northwestern Institute on Complex Systems
Systems Simulation Center for Connected Learning and
Decision and Information Sciences Division Computer-Based Modeling

Argonne National Laboratory Northwestern University

Charles Macal Uri Wilensky

Michael North Lynne Kiesling

David Sallach William Rand
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THE IMPORTANCE OF BEING DOCKED

S. K. JOHNSON, The MITRE Corporation, McLean VA
M. T. K. KOEHLER™, The MITRE Corporation, McLean VA
D. QUINN, The MITRE Corporation, McLean VA

ABSTRACT

The concept of docking agent-based models has been stressed in many venues for a
number of years. In the decision-support context docking can take on a very important
role and we have found docking to be an important exercise not when moving from one
framework to another but rather when moving from one version of a model to another. In
the decision-support context a great deal of time and energy is spent in the Validation,
Verification, and Accreditation cycle so a model may be trusted for a particular use. This
paper describes the docking exercise we undertook in order to move confidently from a
validated modeling framework to one that had not been face validated. The methodology
includes taking very large sample runs from each version of the framework. Output
analysis included standard descriptive statistics and non-parametric sample comparisons.
Of particular note is that at some levels of aggregation the two models appear to behave
very similarly. As one disaggregates groups of agents and looks more closely at the
results, however, one begins to find differences. This highlights one of the most
important lessons of our docking exercise: just like agent-based modeling, docking must
be done at an appropriate level of abstraction for the questions at hand. One must
understand the context in which the model(s) are to be used in order to understand what
differences are of practical significance and what differences can be tolerated. Our
output analysis techniques and results will be discussed in detail.

INTRODUCTION

“The purpose of computing is insight, not numbers.”
~R. W. Hamming

In general, there are a number of reasons why one would want to compare, or dock
(Axtell 1996), models. First of all, one simply may be curious about the similarities and
differences between two models. These models may seem quite similar or quite different at first
glance and a deeper understanding is desirable. Second, one may wish to understand the
theoretic difference between models or to understand which model did a better job of
representing a common theoretic foundation. Third, one may wish to utilize a model as a
decision-support tool and, therefore, must know which model is best and in which contexts.
Fourth, one may use the comparison to understand the significance of similarities or differences
found in the output of the models. This by no means exhausts the reasons one might wish to
compare models but it highlights some of the major ones.

Things change a bit as we move from the academic field to a decision-support context.
Here model comparisons become more pragmatic. In many cases the comparisons are done with
an eye towards which model is best and in which contexts. This type of comparison can extend

* Corresponding author address: Matthew Koehler, The MITRE Corporation, 7515 Colshire Dr., MailStop H305,
McLean, VA 22015, e-mail: mkoehler@mitre.org



to different versions of the same model. Furthermore, in the decision-support context it is likely
that a model has undergone some sort of verification, validation and accreditation (VV&A). See
Koehler, et al. 2006 for a more through discussion of VV&A in this context. Loosely speaking,
Verification is determining whether or not you built the model correctly, Validation is
determining whether or not you built the correct model, and Accreditation is determining if the
model is good enough to use for its intended purpose (Hartley 1997). VV&A can be very time
consuming, difficult, and costly. Of course effort put into VV&A is a function of the role the
model will play. Models that will be relied upon heavily will under go more rigorous VV&A
than will models that are used for thought experiments or to gain rough order of magnitude
insights. When moving from one model to another, especially when it is different versions of the
same model, any aspects of the original VV&A that can be carried over would be very
beneficial. In this particular case we discuss moving from MANA (Mcintosh 2007) version
3.0.39 (MANA3) to MANA version 4.00.2 (MANAA4). Here docking is used as evidence for the
claim that the VV&A done for one model may be valid for another model. We have spent a
great deal of time face validating MANA3. Now that we are moving to MANA4 we would like
to make the argument that the face validation from MANAS3 can carry over (at least to some
extent) to MANAA4. This may prove difficult, however, as there have been a number of changes
made to MANA4. Table 1 highlights some of the more important changes.

Table 1: Major changes made in MANAA4.

New in MANA4

Agents have orientation and bearing
Agents can move in formations

Agents have sensor and weapon orientation
Agents can have multiple sensors

Sensors can be of multiple types

Sensors and weapons have look angles
Sensors and weapons have slew rates

The evidence we will use for this argument will come from a docking experiment we
undertook between MANA3 and MANAA4. As discussed by Robert Axtell (Axtell 1996) docking
can be achieved in three basic categories. Essentially, docking is the alignment of two different
models to understand if one model can subsume another. In the case at hand we wish to say that
the two models (MANA3 and MANAA4) are not different. Axtell proposes three levels of
docking: identity, where two models produce identical results; distributional, where the two
models produce statistically indistinguishable results; and relational, where the two models
produce output that “behaves” in the same way, meaning that similar changes in inputs cause
similar changes in outputs but the distributions are statistically distinct. The necessary level of
docking is a function of the empirical relevance of the models, which, in turn, is a function of
how the models are relied upon and is the topic of the next section.

Specifying the Relevance of an ABM and Level for Docking

Axtell’s Framework of Empirical Relevance (FER) relates a model to its input data and
output (Axtell 2005). The relationship is, generally, input data of various types are necessary to



create an ABM; once the model is run it will create output data that will relate to real-world
phenomena in some particular way. There are four levels to Axtell’s FER. Level 0 is,
essentially, a well functioning program that is bug free. Level 0 models have qualitative
correspondence at the agent level. This means that the agents behave in a manner that is
logically consistent with the subject being modeled. Level 1 is the next level of Axtell’s FER.
Level 1 is macro-level qualitative correspondence to the dynamics of interest. In this level the
agent activity generates dynamics, as a whole, that relate to the phenomena being modeled. For
example, a group of agents trading with each other may produce a clearing price for the artificial
market. This clearing price may not relate to a real-world clearing price but one was found.
Axtell’s levels continue with Level 2. Models that fall into this category have macro-level
quantitative correspondence with the real-world phenomena being modeled. These models
produce the correct distributions within their output. For example, Axtell’s model of firm size
produces a power-law distribution that is the same as real-world data on the distribution of firm
sizes in the US (Axtell 2001). The final level of this framework is that of Level 3. In this level
the model not only has macro-level quantitative correspondence but also micro-level
correspondence. In general, very few ABMs achieve this level of empirical relevance. This is
because it is difficult to specify such a model and even more difficult to obtain the data necessary
to estimate such a specified model.

In the decision-support context the weight put upon model output and the importance of
decisions based upon said output will necessitate that the model achieve a particular level of the
FER. Here MANA is being used in a decision-support context to aid subject matter experts
(SME). MANA is only one part of the whole decision-support infrastructure. Furthermore,
MANA is to be very fast turnaround. Therefore, MANA is understood to provide rough order of
magnitude answers to what-if analyses. This places MANA squarely on Level 1 of the FER
scale. MANA needs to be in qualitative agreement at the macro-level and have reasonable
micro-level behaviors. This implies that identity between MANA3 and MANA4 is not necessary
to conclude that they are equivalent. Therefore, distributional equivalence is adequate to
conclude that these models are equivalent, and relational equivalence may be adequate.

RESULTS

As we have already stated, we are interested in showing distributional equivalence of the
two versions of the simulation, rather than identity. In our docking experiment, only the versions
of MANA were different. We used the same scenarios with the same random seeds and ran the
same number of sample runs through the two versions of the simulation.

We tested several types of scenarios, with variable levels of complexity in terms of
terrain, agent behaviors, agent interactions with each other and their environments,
communications, and weapon systems. Our objective was to test a set of scenarios with low,
medium, and high complexity in both versions. We hypothesized that our results would show
statistically indistinguishable results between versions since we did nothing to the scenarios other
than port them into each model and run them a large number of times. However, if significant
differences occurred, would they happen across all of the scenarios, to include the simplest set of
scenarios, or would they happen in just the more complicated cases?

The low level complexity scenarios simply exercised important features of the models in
the simplest manner possible. The medium level complexity scenario added slightly more
complicated terrain, weapons, communications, agent and squad behaviors, and contained a few



more squads than the low level complexity scenarios. The high level complexity scenarios have
the same terrain as the medium level complexity scenario; however they have a much more
sophisticated communications structure, more types of agents, a much larger variety of more
complicated weapons, as well as more complicated agent interactions. We setup our experiment
to test a variety of scenarios to determine if VV&A should be done on each scenario moved from
MANA3 to MANAA4 or if we could assume based upon this docking experiment that VV&A is
independent of the MANA version and would transfer from MANA3 to MANA4 with the
scenario.

Though MANA produces a reasonable set of output data, for the sake of simplicity we
chose to use the most basic MANA output statistic: casualties. First, we did a crude comparison
of raw casualty numbers by scenario, by replicate, and by side between the two versions of the
simulation and found that identity did not exist for any of the scenarios. However, since we do
not require identity, the next set of tests explored whether or not the differences between the
versions of MANA were statistically significant or if we could claim distributional equivalence
of the versions.

We treated the data as a paired sample for our experiment because we used the same
scenario with the same random seeds with the before and after elements represented by the two
versions of the simulation. We ran the parametric Paired Sample t-Test and the nonparametric
Wilcoxon Signed Rank Test and Sign Test as our test procedures. The Paired Sample t-Test
assumes the data comes from a normal distribution. The Wilcoxon Signed Rank Test does not
assume the distributions of data are normal, however it does assume the distributions are
symmetric. The Sign Test does not assume normality, nor does it assume symmetry, but it has
less power to detect significance if there is symmetry. Review of the Q-Q plots for each of the
datasets indicated that most of the distributions had heavy tails, and therefore appeared to deviate
from a normal distribution. Evaluation of the measurement for skew, which is one indicator of
how far from symmetric distributions are, clustered the majority of values for each of the paired
differences in the scenarios tested within the -0.1 to +0.1 range. Since most of the data sets
appeared inconsistent with a normal distribution and since their values for skew did not tend to
be too extreme, we are reporting the Wilcoxon Signed Rank Test results in this paper. Of note
however, in almost every case, the three tests produce the same results with respect to statistical
significance (Bhattacharyya 1977; Gibbons 2003).

Table 2: Wilcoxon Signed Rank Test results between MANA3 and MANA4 for the
highest level of aggregation for each scenario complexity level.

Complexity Level - Scenario Wilcoxon Signed
Name Pairs Rank Test
Low - Four Groups Blue Casualties MANA V3 to MANA V4 0.279
Red Casualties MANA V3 to MANA V4 0.141
Low - Two Groups Blue Casualties MANA V3 to MANA V4 0.143
Red Casualties MANA V3 to MANA V4 0.311
Low - Two Groups with
Communications Blue Casualties MANA V3 to MANA V4 0.138
Red Casualties MANA V3 to MANA V4 0.980

Medium - Scenario 1 Blue Casualties MANA V3 to MANA V4 0.797



Red Casualties MANA V3 to MANA V4 0.000
Civilian Casualties MANA V3 to MANA V4  0.259
High - Scenario 1 Blue Casualties MANA V3 to MANA V4 0.000
Red Casualties MANA V3 to MANA V4 0.000
High - Scenario 2 Blue Casualties MANA V3 to MANA V4 0.000
Red Casualties MANA V3 to MANA V4 0.000

In addition to testing several levels of scenario complexity, our experiment also consisted
of testing the same metric at various levels of data aggregation for the low, medium, and high
complexity sets of scenarios. The highest level of aggregation is represented by the Blue, Red,
and Civilian casualty pairs. Table 2 shows the p-values for each of the pairs tested for each
scenario between the two versions at the highest level of aggregation. None of the casualty pairs
tested for the low level complexity scenarios had significant results (all p-values > 0.1), whereas
all of the casualty pairs tested for the high level complexity scenarios had statistically significant
results (all p-values < 0.0). The medium level complexity scenario returned significance only for
the Red casualty pairs between the two versions (Red p-value < 0.0), but the Blue and Civilian
comparisons were not significant (Blue p-value = 0.797; Civilian p-value = 0.259). At this level,
what these results imply is that we cannot claim distributional equivalence across the board, but
we can make the claim for distributional equivalence in some instances. For our experiment, this
means that the simple scenarios are distributional equivalent. However, this does not hold once
we increase the level of complexity. Unfortunately, distributional equivalence appears to be
scenario dependent.

However, is the presence or absence of distributional equivalence only scenario
dependent or does it also depend on the level of data aggregation? Do the pairs that exhibit non-
significance at the highest level of aggregation also show non-significance for each of their
respective sub-categories when the datasets are disaggregated? The next step to the experiment
was to break the data into sub-categories and run the same statistical tests using the same metric,
total casualties by sub-category by side. This process was repeated for each of the scenarios. We
did this to see if we could determine the largest contributors to the differences. For space
reasons only the data for the medium level complexity scenario is reported.

We hypothesized that we would see the same outcomes when we disaggregated the data
into sub-categories as we did for the highest level of aggregation. For the low complexity
scenarios, all of the sub-categories by pair had non-significant results. As expected, in the high
complexity scenario nearly all of the Blue and Red pairs returned significant results.
Interestingly, however, in the medium complexity scenario we found that we did not have
distributional equivalence when comparing the sub-categories. Tables 3 and 4 display the p-
value results for the medium complexity scenario disaggregated into killer and victim squad
categories respectively. The data in these tables appear to support the idea that distributional
equivalence is dependent not only on the scenario and the complexity of the scenario, but also on
the level of data aggregation.

In Table 2, for the medium complexity scenario we saw that the Blue casualty and
Civilian casualty pairs did not have statistically significant results between the two model
versions, whereas the Red casualty pairs were significant. Tables 3 and 4 show mixed results for
the individual squad pairs for both Blue and Red. In Table 3, half of the Blue squads had
significant results and half did not and almost all of the Red pairs returned non-significant



results. This data indicates that between the two versions of MANA the Red killer squads were
the same and had about the same number of casualties attributed to them; however, the Blue
killer squads were split and did not necessarily have the same number of casualties. If we look at
Table 4, we see that for the majority of the Blue and Red pairs, we also get significant results,
which suggests that the victim squads were not necessarily the same between the two versions.
The results for Red are reasonable because the results at the highest aggregation level for Red
were significant. However, the results for Blue in Table 4 seem counterintuitive. At the highest
level of aggregation, the results for the Blue casualty pairs were not significant between the two
versions, but as we disaggregated from the highest level, the results became significant. These
outcomes indicate that the victim squads for Blue were not necessarily the same between the two
versions, even though the overall number of casualties for Blue was not significantly different.
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Table 3: Wilcoxon Signed Rank Test results between MANA3 and MANA4
by killer squad category for medium complexity level scenario.

Complexity Level -

Wilcoxon Signed

Scenario Name Pairs Rank Test
Medium - Scenario 1 Blue Kills on Red .

Blue Advance Guard 0.000
Blue Cargo Truck 0.360
Blue Convoy Commander 0.027
Blue Forward Security 0.525
Blue Fwd Security Command 0.004
Blue Gun Truck 0.837
Blue Rear Security Command 0.000
Blue Rear Security 0.734
Red Kills on Blue

Red IED 1 0.259
Red IED 2 0.285
Red Attack Vehicle 0.000
Red IED 3 0.157
Red RPG 0.250
Blue Kills on Civilians

Blue Advance Guard 0.518
Blue Cargo Truck 0.892
Blue Convoy Commander 0.063
Blue Forward Security 0.039
Blue Fwd Security Command 0.152
Blue Gun Truck 0.148
Red Kills on Civilians

Red RPG 0.004
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Table 4: Wilcoxon Signed Rank Test results between MANA V3 and MANA V4
by victim squad category for medium complexity level scenario.

Complexity Level - Scenario Wilcoxon Signed
Name Pairs Rank Test
Medium - Scenario 1 Blue Victims .

Blue Advance Guard 0.285

Blue Cargo Truck 0.000

Blue Convoy Commander 0.000

Blue Forward Security 0.000

Blue Forward Security Command 0.000

Blue Gun Truck 0.000

Red Victims

Red Pickup Truck 0.000

Red IED 2 0.157

Red Attack Vehicle 0.000

Red Rifle Squad 0.000

Red RPG 0.006

Red Sniper 0.227

Red Observer 0.044
Civilian Victims

Civilians 0.259

CONCLUSION

As highlighted above docking can be a difficult undertaking even when comparing
seemingly equivalent models. We set out to determine if MANAS was distributional equivalent
to MANA4. Clearly, except in trivially simple cases we cannot make that claim. Where does
that leave us? Ultimately it is up to the decision-maker to decide if any of the statistically
significant results have practical significance within the decision-support context in question. If
the models function in a sound manner, and if the distributions of data between versions, even
though statistically significant, differ by a small amount, then the decision-maker may still
accept the models as equivalent. This is the case because the statistical significance may have
little or no practical significance. However, one cannot, prima impressionis, claim that a VV&A
assessment will move from MANA3 to MANAA4.

It should be noted, however, that this comes as no surprise given the numerous changes
highlighted in Table 1. The most significant of these changes include agent orientation and the
behavior of sensors. In MANA3 agents and sensors had no orientation; there was no difference
between front and back. In MANA4 agents and sensors have, inter alia, an orientation and a
speed associated with changing orientation. Agent success and failure is premised highly upon
an awareness of the environment. Therefore, changes to the behavior of sensors and the way
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agents “look around” the environment will impact scenario results. MANA4’s inclusion of
orientation for both agents and sensors significantly increases the verisimilitude of the
framework. Finally, as we wanted to make as direct a comparison as possible between the two
versions of MANA no attempt was made to change default settings in MANA4 to better emulate
behaviors of MANAS3. Given the higher verisimilitude of MANA4 one, in fact, may not want
MANAA4 to exactly match MANAS.

Table 5: Medium complexity scenario descriptive statistics for MANA3 (Old) compared
to MANA4 (New)

Percentiles
Std. 50th
N Mean Deviation ~ Minimum Maximum 25th  (Median)  75th
BlueOld 500 4.016 1.68089107 1 15 3 4 5
BlueNew 500 3.972 1.71262435 2 14 3 4 4
RedOld 500 16.796  2.264650367 7 22 15 17 19
RedNew 500 16.16 2.17896668 9 21 15 17 18
CivilianOld 500 10.404  3.25052547 2 19 8 11 13
CivilianNew 500 10.162  3.066359588 1 20 8 10 12

Table 6: High complexity scenario descriptive statistics for MANA3 (Old) compared to
MANA4 (New)

Percentiles
Std. 50th
N Mean Deviation ~ Minimum Maximum 25th  (Median)  75th
BlueOld 394  138.8654822 13.48921637 57 180 134 140 146
BlueNew 394  128.1395939 3.685237151 116 138 126 128 131
RedOld 394  259.1142132 3.213307415 248 267 257 259 262
RedNew 394  270.5025381 2.999786872 261 279 268.75 271 272

This, again, highlights the role of the subject matter expert and decision-maker. For
example, if we recall from Table 2, the results for Red were statistically significant. But if we
look at Table 5 the Red means between the two versions (MANA3 = Old; MANA4 = New) do
not differ by a large factor and the distributions of data between the two versions are similar. In
this instance, a decision-maker may conclude that the results are not practically significant and
that the models are equivalent. However, this may not be the case for every scenario. Recall that
in Table 2, the results were statistically significant across the board for the high complexity
scenarios. The descriptive statistics in Table 6 for one of the high complexity scenarios indicate
that the distributions of data for the Blue pairs differ by a much larger factor. In this case, the
decision-maker may deem the results practically significant, because in reality, this may mean
the difference in whether or not an operation is halted or continued. In this case, carrying over
the VV&A of the scenario may not be possible; thus, necessitating a new VV&A cycle for
MANA4.
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INTEGRATING ABM & GIS TO MODEL TYPOLOGIES OF
PLAYGROUP DYNAMICS IN PRESCHOOL CHILDREN

W.A. GRIFFIN,* S.K. SCHMIDT, A. NARA, P.M. TORRENS, J.H. FEWELL,
and C.M. SECHLER, Center for Social Dynamics and Complexity,
Arizona State University

ABSTRACT

We illustrate an objective, non-intrusive method that tracks the behavioral, temporal, and
spatial data characterizing evolving group processes in children. This work establishes a
methodology combining behavioral observational data, GIS, and agent-based modeling
as an aggregate tool to give researchers the ability to establish group typologies according
to the behavioral and geospatial distributions of its constituents. The proposed integration
of behavioral coding with GIS, and the subsequent attempt to reproduce this aggregation
with computational simulation has not been attempted before. As such, this work
establishes an integrative protocol for measuring peer-to-peer processes and will serve to
modify the research criteria in scientific fields using behavioral observation of humans.
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Integrating ABM & GIS to Model Typologies of Playgroup Dynamics in
Preschool Children
William A. Griffin, Shana K. Schmidt, Atsushi Nara, Paul M. Torrens, Jennifer H.
Fewell, & Casey M. Sechler

The current study is an attempt to further the amalgamation of a multi-
disciplinary team that integrates human development, computer simulation,
biology, and geography. We rely on emerging technologies and methods in agent-
based modeling, social network analysis, and geographical information science to
address questions of current interest to scientists studying the typology, ontology,
and morphology of group dynamics. Our model systems consists of young
children, with each involved discipline contributing towards answering a critical
societal question, namely, how do children form relationships in the context of
transitions and change? We propose that children's play partners are multiply
determined by the combinatorial dynamics generated by a child's own
characteristics with those of his or her peers and the geo-spatial characteristics
unique to the environment. More specifically, we are proposing that four discrete,
yet related, interpersonal dynamics underlie the formation and maintenance of
group formation in preschool children. These four indices of behavioral and
affective patterning are the foundation of our ability to track groups as they form.
Each index provides unique, yet tractable, information about the groups as they
arise, disband, or maintain levels of stability. In aggregate, these indices provide a
quantitatively robust dataset that captures complex evolving processes. This
aggregate -- a compilation of behavior, affect, and geo-spatial location residing in
time -- is the basis for determining the validity of our computer simulation model.
Our objective is to reproduce the observed pattern of grouping behavior.

Playgroup Morphology and Ontology: Interaction, Process,
and Critical Components

Affect Tone. Children’s affective expression can be viewed as a series of
affect epochs. From these epochs, two aspects of each participant exchange are
generated: (1) affect valence and (2) matching rate. That is, for each child, any
social action with another child, provides an opportunity to generate moment
statistics (i.e., mean) of affective valence (i.e., positive, neutral, negative), either
for a specific episodic exchange or over an extended period of observation. In
addition, by gathering affect on each play partner, it is possible to compare
affective states between any two individuals at any given time during the
observation period; in effect, this permits an estimate of affect matching rates
within a dyad or group. Note that affect matching, a group level characteristic,
provides very different information about emotion than does the individual’s
general propensity to be in a particular affective state. In combination these two
features represent intra-individual and inter-individual affect signatures embedded
in time, space, and context.

Bid Ratio. Within group (and within some general exchanges) behavior is
generated by bid exchanges among its members. At the simplest level, what
members do (i.e., the type of behavior (e.g., swing, play in the dirt)) is secondary
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to how a call to action is made .that is, the bid. Group cohesion is generated, not
from the activity generated by the bid, but by the successes of the bidding process.
Group maintenance is generated by successful bids; conversely, a series of
unsuccessful bids jeopardizes the group. Obviously, it is not the ratio of
successful to unsuccessful bids that inherently destabilizes a group but rather the
inability of the group members to accurately gauge the social situation exhibited
through this ratio .that reflects poor judgment, inadequate social skills, and so on.
Moreover, within our construction and coding of the bid process, we will examine
the intra-group bid structure. Specifically, as noted above, a bid can receive one
of four responses: (1) accepted, (2) ignored, (3) rejected, or (4) counter-bid by
other members of the group. Because of this potential response set, we expect
each group and each member of the group to display an unique distribution of
responses that have evolved from individual propensities combined with group
level reinforcement histories.

Intra-Episode Variability. After forming a group, the characteristics of
the group (i.e., group phenotype; see Fewell (2003) for discussion about group
level phenotypes) are evident by their affective (e.g., affect matching) and
behavioral probabilistic structure, or more precisely, the consistency of this
structure across episodes of play. This consistency, however, does not imply the
lack of either variability or drift. We should, for example, assume some adaptive
variability over time; any complex, evolving system typically evidences moderate
variability in response to fluctuations of endogenous components and exogenous
influences (Auyang, 1998). For playgroups, such fluctuations would come from
changes in the environment and the continuous entering and exiting of other
children in the group. Furthermore, we expect to see a drift in the structure as the
group matures. Again, this would be expected as group members learn to modify
their intra-group behavior as a function of history; they would or should be able to
telegraph bids (e.g., subtle behavioral cues .idiographic to the group .are enough
to initiate or terminate an action or play sequence). We propose that this third
feature can be captured using available mathematical tools that: (1) adequately
capture and describe the relevant socio-affective and behavioral characteristics of
the groups (see e.g., Griffin, 2000); and (2) parsimoniously elucidates intra-group,
inter-episode changes .either by estimating changes in probabilistic structure (e.g.,
sequential analysis) or covariance change (e.g., Price’s Equation).

Time-Space. The set of factors that influence play likelihoods can be
conceptualized as occupying an n-dimensional space along 4 primary axes: Affect
Matching, Bid Ratios, Inter-Episode Variability, and time-space. Whereas the first
three reflect intra-group behavior, the fourth dimension - time/space - represents
the milieu of these groups. As noted above, play propensity between two or more
children may be a function of who is available and where they are physically
located relative to some feature of the playground (e.g., swing set); of course, we
assume that these two aspects of play behavior are not independent. Time, within
the conceptualization of play presented herein, has multiple facets. First, there is
chronological time (e.g., 11:00 am). Second, there is calendar time (e.g., October).
Third, there is episode frequency (e.g., 3rd time a particular group is seen playing
together). And finally, there is episode duration. Groups are followed for an hour
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in the proposed index coding system. Although there is the possibly of left
censoring, and to some extent, right censoring, the average duration of a play
epoch(s) is within an hour. We think that the Time-Space axis can be incorporated
into our conceptualization of playgroup dynamics via the GIS methodology
described above.

These four indices of behavioral and affective patterning are the
foundation of our ability to track groups as they form. Each index provides
unique, yet tractable, information about the groups as they arise, disband, or
maintain levels of stability. In aggregate, these indices provide a quantitatively
robust dataset that captures complex evolving processes. This aggregate - a
compilation of behavior, affect, and geo-spatial location residing in time - is the
basis for determining the validity of our computer simulation model. Our
objective is to reproduce the observed pattern of grouping behavior.

Observational Data Collection

Throughout the fall and spring, children’s naturally-occurring free-play
interactions are recorded. Observations are collected for 5 hours/day each
weekday for the academic school year. The observations commence on the first
day of classes, and each class has 3-4 coders collecting data each shift. Coders
rotate throughout the classroom, remaining unobtrusive and uninvolved in
children’s activities. They record data using handheld computers, with the data
automatically inserted into a database. Data from the handheld computers are
downloaded into a desktop computer and converted into files that can be read
directly into data management software. The advantage of using the handheld
computers is that time-stamped data can be collected efficiently, entered quickly,
and recorded with minimal error.
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Figure 1. Map of the study site (e.g., outside area with a slide, climbers,
playhouse, trees)

Interval Coding. Using a GUI interface, observers identify the first child
in a randomized list and briefly (for 10 seconds) observe the child, record data,
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and then repeat the procedure for the next child on the random list. During the
10-second period, the observer codes several dimensions of the child and his/her
context. For example, coders record whether the child is alone, with a teacher, or
with other children. For solitary, teacher, and peer codes, the target is observed
for activity (e.g., riding a bike, reading books, etc.), affect (i.e., positive, negative,
neutral) and the presence of social peers (i.e., peers involved in direct interaction)
and area peers (i.e., peers in the physical vicinity but not interacting with the
target child). On a fine-grained grid that is digitized to a spatial location on the
tablet PC screen, the start point (X,Y), stop point (X,Y), and farthest distance
traveled (X,Y) are recorded (see e.g., Figure 1). Additionally, when a target is
observed with a peer, we code who the child is playing with, the activity, the
affective exchange between the group peers, and the physical location of the
group. Such data are used to determine if the specific type of activity, affective
proclivities, and physical location influences the degree to which children interact
with others (e.g., we can compute separate models for distinct combinations of the
three factors).

Group Coding. Each week, the scan data are analyzed to determine
cohesive groups. Once a group is identified, a separate coder is assigned to
follow each child within the group. Each day, four one hour blocks (2 in the am
and 2 in the pm) are allotted for the group procedure. The coders first identify the
location of the group members. In a calibrated database, each coder begins
recording data into the tablet PCs on their respective child. In repeated 10 second
intervals (for 30 minutes), the observer records the context of the event, who is
present in the episode, the various affect and behavioral codes (e.g., bids,
referencing, attending), and the physical location of the interval. Additionally,
each child (whether group members or not) is randomly selected for 30 minute
individual increments. The procedure used for the individual index coding is
identical to the group observations; this method allows us to make comparisons
using similar observational methods for children who form groups vs. those who
do not.

Geographic Information Science and Tracking Playgroups

Once the field data are collected, they are transferred to a workstation GIS,
where they are organized into a rich longitudinal database of children’s movement
behavior. These data are then coupled to the behavioral observations and
aggregated and reconfigured as necessary to tease-out group movement,
clustering, spatial segregation, and spatial polarization. This can be done on a
one-to-one, one-to-many, and many-to-many basis for children. Additionally, it
can be expressed geographically relative to notable features in the play
environment: adjacency to sandboxes, distance from teachers, proximity to the
outer limits of the play space, etc.

Applying this methodology has the added benefit of allowing us to query
the database by spatial analysis and geovisualization. For example, using spatial
analysis, we can run a suite of spatial statistics over the data to look for the
formation of statistically-significant clusters of activity or conditions in the
model. We can also test for the tendency of certain behaviors to co-locate in
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space, or identify group dynamics associated with patterns of spatial segregation.
Using geovisualization, we can also build-up instance-level and aggregate
surfaces of e.g., cooperation or disruptive behavior, and look at these clusters
relative to the features of the playground. For example, we can visualize hotspots
of collaborative activity, or coldspots where children’s play tends to be isolated.
The formation of databases of this form has the added benefit of providing a seed
data-set for our agent-based model, as well as acting as a calibration and
validation resource for our simulation.

We have developed a system for building time geography relationships
that captures events in space and time in a robust GIS framework. This allows us
to construct space-time paths and space-time prisms for individual, dyad, and
group behavior (examples using synthetic data for two children are shown in
Figure 2; this is an accurately scaled representation of the school). Doing so
further allows us to build a map of activities in time and space, e.g., in what
places do young children tend to spend the majority of their play time, how might
this differ from other children, how does this vary by time-of-day, how does this
alter when polarizing influences are absent, etc. These spatially explicit aspects
provide a critical component to the scenario building implemented in our ABM.

Simulating Playgroups: PlayMate

Using dynamic child behaviors to modify the likelihood of interacting
with another child, PlayMate provides a representation of postulated
developmental shifts in playgroup formation for children ages three to five years.
Framed around a state transition model, each child, represented as an agent, can
be in one of four states: (1) playing with another child; (2) playing with an adult
(a teacher); (3) playing alone after playing with another child; or (4) playing alone
after playing with an adult. Play likelihood across the four states is modified
through Play Propensity and Arousal (i.e., proxies of internal configurations),
with accumulating values in each of the four states for each child (see Griffin et
al., 2004, for a review).
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Spacetime path of person 1

Spacetime path of person 2 ‘

Playground outer fence

Figure 2. lllustrating the spatial (X,Y) and spacetime (X,Y,t) paths of two
children.

To implement the simulation, a child is selected in round robin fashion to
play with another child from the available pool (one is randomly removed to
simulate a sick-day), and upon pairing, child i assesses child j on several
dimensions determined by the investigator; minimally, these include gender and
one relevant attribute (e.g., bidding behavior, affect, or a composite of both) being
examined. The greater the homophily, as assessed by closeness on the variables in
the model, the less likely the child is to exit the child-playing state and to continue
playing with other children. Transition rules condition arousal level updates, and
behavioral and affective exchanges as well as memory are updated through a
summative value after each play episode. The summative values are entered into a
tally matrix that, in turn, is converted to a child-to-child probability matrix. The
tally and probability matrixes are then compared to similar matrixes extracted
from the actual data. For model validation, PlayMate generates numerous
quantitative indicators of the structure and composition differences between the
simulated and real data; these include difference measures of Euclidian distance,
Mean cell values, Entropy, Uncertainty reduction (a measure of mutual
information), Solitary play, and row (i.e., child) signal-to-noise ratios. Each
measure is assumed to provide slightly different information about the
characteristics of the matrix structure. Our existing work validating PlayMate
centered on simulating and replicating the peer interaction patterns obtained from
coding individuals, with the incorporation of GIS and the Index coding procedure,
we will be developing new validation indices. These will necessarily be complex,
reflecting aggregate individual, group, and GIS data.
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Data Simulation. Prior to running the simulations, each child receives a
score based on

the three factors of gender, attribute level, and memory. For gender, each child

receives a binary number (e.g., 0, 1), and rank orders for attribute scores are given

based a predefined hypothesis (e.g., similarity in affect across all domains drives
propensity for play). Finally, integers for memory rankings are based on a list of
recent play pairings, with a current capacity of five possible pairings. Simulation
runs typically consist of each child in the class playing 50 rounds in the round-
robin fashion. Subsequently performing the routine 50 times allowed us to obtain
approximately 120-200 play episodes, characteristic of the numbers obtained for
each child in the real data within each time frame. State shift and play partner
propensities are influenced by the three factors, with each variable weighted
according to the theoretical justification that displayed affect and bidding
behaviors are the strongest predictors of peer selection. Essentially, increased peer
preferences are determined by the aggregate of the three factors, with attribute
level difference modifying the likelihood of being in a child play state.
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AN INFERENTIAL APPROACH
FOR VALIDATING AGENT SIMULATIONS

A. YAHJA*, National Center for Supercomputing Center, Urbana, IL
K. M. CARLEY, Carnegie Mellon University, Pittsburgh, PA

ABSTRACT

As the size and complexity of the agent-based simulation models increases so does
the time and resources needed to validate the model. Validation is critical for
replication of simulation results, which is a basis for scientific advance. Automated
and semi-automated tools are needed to support validation activities and so reduce
the time and number of personnel needed.

A tool called WIZER (What-If Analyzer) which embodies our inferential approach is
implemented. WIZER consists of four parts: an Alert WIZER, an Inference Engine, a
Simulation Knowledge Space module, and an Empirical/Domain Knowledge Space
module. The Alert WIZER characterizes simulation data with assistance from the
statistical tools it semantically controls, compares simulation data to empirical data,
and produces semantic descriptions of both the data and the comparison. The
Inference Engine performs both causal and “if-then” rule inferences.

WIZER is run on a simulator called BioWar which models disease spread in a
demographically-representative city population. The results show that WIZER
validates in a clear and automated manner the simulation models for the relative
timing of peaks of influenza incidence and school absenteeism. They indicate that the
inferential approach underlying WIZER can increase the transparency and reduce the
time for model validation.

Keywords: simulation validation, semantics, knowledge systems, causality,
virtual experiments
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INTRODUCTION

Computer modeling and simulation provides a means of understanding and predicting
the behavior of real-world systems based on knowledge of basic laws, empirical findings,
and assumptions. It complements theory and experimentation/observation as the third pillar
of science. Simulations can be viewed as virtual experiments. Computing advances mean
better simulation models can be built. Typically, however, simulation results are designed
solely for human analysis and validation is provided by subject matter experts judging that
the model “feels right,” possibly after preprocessing the results using statistical tools. This
process is time-consuming and deficient in clarity, transparency and objectivity. The remedy
is usually prescribed in the form of a methodological approach (Yilmaz 2006), of which
Verification, Validation and Accreditation (VV&A) process is one, but validation remains a
cumbersome process.

NASA lost the Mars Climate Orbiter spacecraft on September 23, 1999. Mission
specifications called for using metric units, but the Lockheed Martin group sent navigation
information in English units. The mix-up meant that Lockheed Martin engineers modeled
navigation with pounds force (the English unit for measuring thruster impulse) while JPL did
their calculations in newtons (the metric measurement). One pound force is equivalent to
4.45 newtons. The software for the spacecraft thrusters uses the wrong unit. While
management failure played a role, this would never have happened if an automated validation
process existed — one as simple as tying-up each number with its semantics. The error would
have been caught early if a continuously validated spacecraft and orbital simulations existed.
Similar problems and misunderstandings happen in the modeling and simulation world where
researchers rarely are able to replicate others’ simulations quickly, precisely and reliably.

Computational modeling and analysis focuses on employing computers to build
model specifications, verify code, and execute simulation. Indeed, the notion of
computational modeling and analysis usually means a quantitative run completed by
computers and inference/analysis on the results of the computer run completed by human
experts. Computers are not employed to help automate inference, validation, model
improvement, or experimental design. Figure 1 depicts this imbalance in automation. Recent
advances in data mining made automated analysis more common, but data mining deals only
with empirical data, not with automatic building, validating, and improving models. Machine
learning approaches can be applied to learning logical, mathematical, and statistical models
from data, but they have not been extended to automatic construction, validation, and
improvement of simulation models.
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FIGURE 1 Automation of Inference, Validation and Model Improvement

We take the road less traveled to automate validation: an inferential approach uniting
simulation with ontological, causal, and knowledge-based reasoning. A tool is implemented
based on the approach. This tool is applied to a simulation testbed called BioWar (Carley et
al. 2003) which emulates how a city’s population reacts to influenza outbreaks.

OUR INFERENTIAL APPROACH

Our inferential approach for validation consists of causal reasoning, knowledge-based
reasoning, ontological reasoning, and the scientific method. We call the tool WIZER for
What-1f Analyzer. WIZER is a knowledge-based tool; the importance of knowledge — and
the reasoning based on that knowledge — is emphasized. While WIZER uses statistical tools,
they are used in the context of knowledge bases and inferences. Simulation and its outputs
are described based on knowledge. Inference rules and descriptions of statistical tools are
encoded semantically. WIZER consists of an Alert module, an Inference module, and two
knowledge space modules. Figure 2 below shows the diagram of WIZER.
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Figure 2 WIZER Diagram

The Alert module does two tasks: (1) describing data using statistical and pattern
classification tools, (2) matching a data description with empirical data, producing semantic
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alerts. Alerts here are defined as semantic characterizations of numerical data (not just alerts
in the sense of imminent danger). For example, the Alert module can semantically describe
the ups-and-downs of a school absenteeism curve taking into account other semantic or
contextual information such as holidays and weather-incurred closings. While not depicted in
the figure, the Alert module can also semantically categorize input data and empirical data.

The Inference Engine takes in the outputs from the Alert module, the simulator’s
causal diagram, a meta-model of the simulation's knowledge space, combined with empirical
data, domain knowledge, and parameter constraints (of the domain knowledge space), to
determine which parameters, causal links (Pearl 2000, Pearl 2003), and model elements to
change - or not to change - and how. The Inference Engine calculates the minimal number of
perturbations to the simulation model to best fit the outputs. The model (including the causal
diagram) and any potential alternate models are coded into ontologies and rules.
Perturbations are implemented as the effects of ontological and rule-based reasoning. An
inference produces new parameters for the next simulation. This cycle repeats until a user-
defined validity level (which can be defined semantically) is achieved. The user interface
module is not shown in the figure for clarity.

The Domain knowledge space module provides domain knowledge to the Inference
Engine. Empirical data can change domain knowledge and domain knowledge can ascertain
what empirical data are relevant. This depends on the strength of evidence supporting the
knowledge and the data. The Simulation knowledge space module provides the simulator
with knowledge such as the causal network of the simulation model. The Inference Engine
produces new parameter values and possibly new links for the Simulation knowledge space
module. The simulator influences and is influenced by the Simulation knowledge space
module. The parameter data is empirical, but this empirical data is used in the simulator.
Because the empirical data used in the simulator is not the same as the data used for
validation, the delineation is clear. Both domain and simulator knowledge spaces are
represented by a graph. We use an RDF-based semantic representation. This semantic
representation describes and facilitates control of simulation models, knowledge spaces,
results, inferences, and statistical tools. In the N3 notation, the basic syntax for RDF is a
simple one: <variablel> <relationship> <variable2>, where variablel represents a subject,
relationship a verb, and variable2 an object part of an English sentence. In our
implementation, the verb “causes” can specify empirical relationships. In a conventional
ontology and semantics, an ontological and semantic relationship is defined conceptually and
logically — based on description logics — and not empirically. Scientific method is employed
to get empirical causal relations.

RESULTS OF WIZER RUNS ON A SIMULATION TESTBED

Here we present the results of WIZER runs on the BioWar simulation testbed.
BioWar (Carley et al. 2003) is a city-wide simulation model of weaponized biological and
chemical attacks on a demographically-realistic population with a background of naturally-
occurring diseases.

We describe below the results for one validation scenario that examines the relative
timing of the peaks of the children’s absenteeism curve and the incidence curve. The
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empirical data for this scenario is gathered from the National Institute of Allergy and
Infectious Disease (NIAID).

Validation Scenario: Absenteeism Curves

The variables and output values for this scenario are as follows.

e Outputs for empirical matching: we choose the simulated actual incidence and school
absenteeism drug purchase curves.

e Variables: because the onset of absenteeism is influenced by symptom onset and
symptom severity, these two factors are important model variables.

The knowledge base consists of causal rules and “IF-THEN” rules related to the
causal ones. The causal conceptual diagram is as follows:

(causes symptom-onset absenteeism-onset)

(causes symptom-severity absenteeism-onset)

(convertible infection-rate incidence-rate); computable from each other.

Onsets are computed with reference to the time of infection. The rules related to the
causal relations are as follows:
(if-then (toosoon absenteeism-onset) (op-lengthen symptom-onset))
(if-then (toolate absenteeism-onset) (op-shorten symptom-onset))
(if-then (toosoon absenteeism-onset) (op-lower symptom-severity))
(if-then (toolate absenteeism-onset) (op-higher symptom-severity))
(if-then (tooshort absenteeism-vs-actual-incidence)
(op-toosoon absenteeism-onset))
(if-then (toolong absenteeism-vs-actual-incidence)
(op-toolate absenteeism-onset))

The simulation instantiations of variables are as follows:
(setvalue symptom-onset 2)

(setpriority symptom-onset 3); priority for conflict resolution
(setvalue symptom-severity 3)

(setpriority symptom-severity 1)

The simulation instantiations of outputs are as follows. One BioWar simulation of
Hampton city (population 142,561 persons) with 100% scale is run. The Alert WIZER
computes the peaks of the actual-incidence and school absenteeism curves. It outputs the
relative timing of the peaks. The following figure shows the actual-incidence curve.



30

Influenza Incidence

@
=]

@
=1

=
=1

]
=
——y

=
=]

o
=]

# incidence

b1

TR

hd hd

, L ﬂ I
Al JV‘,MW A ‘UV*‘ﬂ l
Al WW I -

1 7 13 19 25 31 37 43 49 55 61 67 73 79 85 91 97 103 109 115 121 127 133 139 145 151 157 163 169 173 181
day

@
=]

—
——

=
=1

e ——

r
=)

|
I
;

-

Figure 3 The Peak of Incidence Occurs on Day 128

As shown, the peak of incidence occurs on Day 128. Day 1 is the start of the
simulation, corresponding to September 1, 2002. In the simulation trial, the relative time
difference between simulated absenteeism and simulated actual-incidence peaks is 10 days.

(setvalue absenteeism-vs-actual-incidence 10)
The empirical data gives 1-4 days as the incubation period for influenza. Absenteeism occurs
a day after the end of incubation. Thus, the empirical data are as follows:

(setvalue emp-absenteeism-vs-actual-incidence-lowval 2)

(setvalue emp-absenteeism-vs-actual-incidence-highval 5)
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As shown, the peak of school absenteeism occurs on Day 138. The curve is
discontinuous on Saturdays and Sundays because schools are closed. Days 115-121 are
holidays.

The Inference Engine compares the relative timing of absenteeism and incidence
peaks with the empirical relative timing. After conflict resolution based on the priority value
(here other weighting factors are not considered), it produces the following inference

(toolong absenteeism-vs-actual-incidence)

(op-higher symptom-severity)
because the absenteeism peak lags 10 days behind the incidence peak; twice as long as the
empirical maximum of 5 days.

The inference is that the symptom-severity (the relative magnitude of manifested
symptoms) should be increased. For the next cycle of the simulation, symptom severity is
increased by 100% using an encoded rule about critical point heuristics. BioWar is re-run and
then WIZER is re-run. The following figure shows the resulting school absenteeism curve.
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Figure 5 The Peak of School Absenteeism after Change Occurs on Day 132

As shown, the peak of school absenteeism now occurs on Day 132. The Inference
Engine compares the relative timing of absenteeism and incidence peaks with the maximum
empirical relative timing. After conflict resolutions are performed, it now produces the
inference of:

(within-range absenteeism-vs-actual-incidence)

(op-valid)

The relative time difference between absenteeism and actual-incidence peaks is now
4 days, less than the previous cycle's relative time difference of 10 days, and now one day
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shorter than the maximum empirical time difference. Thus, the peak of school absenteeism
has moved into the valid, empirically bounded range of 2-5 days. The Inference Engine
announces that the simulated absenteeism curve peak is now valid.

The following figure shows the school absenteeism curves before and after the
parameter value change.
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Figure 6 School Absenteeism Curves before and after Parameter Value Change

As shown, after changing the parameter value, the absenteeism peak moves closer to
the incidence peak (as shown by the black vertical line).

Validation Measures

Validation is measured based on a piece of knowledge that corresponds to a data
stream. For the results on school absenteeism above: initially, the simulated school
absenteeism peak occurs later than it should be. Thus this data stream has zero validity,
strictly speaking. After parameter values were changed by WIZER, the simulated
absenteeism peak moved to within the empirical range, achieving validity.

WIZER versus Response Surface Methodology

BioWar has hundreds of parameters. The resulting parameter space is gigantic.
Suppose that the Response Surface Methodology or RSM (Myers and Montgomery 2002,
Carley et al. 2004) is used to completely characterize BioWar for validation. Let us assume
that that BioWar has 200 parameters (a conservative number) and that each parameter can



33

have 3 different values (3 levels), the parameter space is 3*200 cells, unmanageable with any
current technology. As BioWar is stochastic, each cell requires multiple virtual experiments
(assume here 40 virtual experiments) to achieve statistically significant results.

Experimenters, of course, can divide the system into modules and validate module by
module, assuming all other modules have reasonable parameter values and the existence of
some modularity in the system. If this is done for BioWar, experimenters can probe the
relationships between incidence rate and infection factors such as ailment effective radius
(initial infection radius), ailment exchange proximity threshold (person-to-person
transmission of bioagents for contagious diseases) and base rate (initial infection rate).
Assuming each of these factors has 3 levels (3 possible values) the following table shows the
number of cells required.

TABLE 1 Cell number for incidence factors validation

Parameter Categories Size

Ailment effective radius 500, 1000, 1500 meters 3
Ailment exchange proximity threshold 500, 1000, 1500 meters 3
Base rate 10%, 30%, 50%, 70% 4

As shown, the total number of cells required is 3 x 3 x 4 = 36 for the non-stochastic
case. Being stochastic, BioWar requires at least 36 x 40 = 1,440 virtual experiments.

WIZER enhances the way experimenters decide which parameters and what
parameter levels to choose by codifying the knowledge in a form that is clear, explicit, and
operable by computers. With its inference engine, WIZER can reason about parameters and
simulation results, producing new inferences. Furthermore, utilizing its knowledge inference,
WIZER can reduce the number of virtual experiments needed. The above number of virtual
experiments for RSM of 1,440 is the upper limit of what WIZER needs. Typically, WIZER
needs fewer due to its inferences about simulation results after each simulation cycle. The
better the inferences and the knowledge bases, the fewer the number of required simulation
runs.

The following table shows what WIZER gains when used for BioWar. The gain is
compared against what normally transpires when humans do the validation. The numbers are
first-order estimates. The time it takes for WIZER depends on computer speed, memory, and
storage capacity. In addition to BioWar, we have validate a simulation model of socio-
cognitive co-evolution called CONSTRUCT (Carley 1991) using WIZER with comparable
performance gains.
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TABLE 2 Advantages of WIZER versus manual validation for BioWar

Aspect of validation

Manual validation

WIZER

Time to generate input data

Number of points in response
surface that can be estimated
Number of data streams

Knowledge management
Number of rules processed

Number of causal relations
considered
Selection  of  experimental
variables

Use of statistical tools
Documentation of
and experiment steps
Ability to explain simulation
results

Enforced precision

Enforced clarity

Man-hours

Retention of knowledge

Large problem solving

inference

Days if not weeks, due to the
data access
policy, non-disclosure rules,

privacy

con

rights, usage

cerns, data

ownership rights, and other

problems.

1 per 10 minutes

One data stream examination
per 15 minute

Difficult

One per 5 minutes
One per 5 minutes

Implicit but good, depending
on experience
Depends on experience
Need extract work

Depending on experience

No
No
Large

Depends on personnel

Possible,
analysis

e.g.,

by careful

Days if not weeks, and
longer than what it takes if
done by human, as the data
needs to be formatted and
prepared for computer
processing

20 per 10 minutes

Many more data stream
examinations (>15) per 15
minutes, limited only by
computer speed

Facilitated

300 per 5 minutes

300 per 5 minutes

Explicit and
operable
Encoded in the inference
Included in the inference
trace

Part of inference trace

computer

Yes

Yes
Medium-to-Large
Facilitated
Facilitated
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ON THE CONSTRUCTION OF KNOWLEDGE SYSTEMS

While the automation of simulation validation brings efficiency, there is an upfront
investment in the construction of knowledge bases and inference rules. There is also a
research question of how one validates the knowledge bases and inference rules.

Our perspective on the above issues is multi-faceted. The knowledge codification in a
form that is clear, explicit and operable by computers facilitates replication of simulations
and their results. Replication of results is critical for scientific progress. Current practices of
simulation validation (which is usually done by people who construct the simulation) leave
this critical issue of replication as an afterthought. As a result, it slows down the scientific
advance of modeling and simulation. The codification of knowledge is necessary to do sound
engineering and science. Current codification focuses on model specifications and usually
has a form of formalized English language. (Codification for code verification can be done
using formal methods.) It is straightforward to require that the codification be done not just
for model specifications but also for validation specifications and that it be done in a form
that is operable by computers. It is a simple extension of existing activities to cover broader
scope. The fact that now the codification allows computer automation will recoup some of
the time and resources investment spent on codification. Needless to say, this is similar to
building houses by designing detailed engineering models beforehand. People can build
houses without detailed designs but this often results in a quality-problem and delays in
construction. Indeed, quality does matter, not just quantity. Codification also facilitates
collaboration. To ameliorate the startup investment cost, we are implementing simulation
infrastructure to help modeling and simulation practitioners encode their model and
validation specifications in a form operable by computers.

An investment in clear, explicit and computer-operable representation of knowledge
for specification and validation is also useful because this higher-level of representation can
help reduce errors in the specification and validation process. This is analogous to the fact
that high-level languages such as Java helps reduce programming errors and increase
programmer productivity as contrasted to the low-level assembly language or machine-level
machine-code. An upfront cost here is the compiler and, in our case, the knowledge bases
and inference rules. In fact, modeling and simulation itself is an investment vis-a-vis
construction without models. Boeing is successful in using computer modeling and
simulation in lieu of physical prototyping in the construction of its latest airplanes.

Avoiding a conflict of interests, it is a good practice to separate people or institutions
who build a simulation system with those who validate it. Thus, the validation people will
build their own knowledge bases for validation. Current validation process has already put
validation specifications on paper. It is an extension to current activities to put those
specifications in a form that is clear, explicit and operable by computers. We will have
knowledge bases from validation stakeholders and from model builders. Comparing these is
one way to validate the knowledge bases. The fact that we structure our knowledge bases
according to causality simplifies the validation of the knowledge bases. The issue of
knowledge bases validation as a whole, however, is a subject for another paper.

Another aspect of validation of large and complex simulations is the need to facilitate
collaborations among diverse experts located at various locations. For this, an explicit and
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clear specification of simulation models and results facilitates collaborations. WIZER and
cyberinfrastructure components can help researchers setup, run and replicate simulations
with precision and speed.

The conventional knowledge systems have a weakness of being brittle, which means
that the inferences will go awry if they are employed outside the specified application
domain. It is also hard to ensure the correctness of knowledge and inferences when new rules
are added. We address these issues by restructuring rules in knowledge bases using causality
and by using knowledge systems strictly within their application domains. For large
simulations such as BioWar, we have multiple knowledge modules representing different
domains. This is similar to what happens in human problem solving: epidemiologists deal
with diseases and symptoms, city health officials deal with quarantine and other response
policies, police deal with how to maintain security and order, first-responders deal with how
to give first-aid quickly, etc. As causality is empirical, the inferences are grounded on
empirical knowledge and data. Structuring knowledge bases along causality is one way to
partition the knowledge bases into smaller, more coherent and more manageable knowledge
bases. A related work on scaling up knowledge bases is structure-based partition (Amir and
Mcllraith 2005, Ramachandran and Amir 2005). As WIZER is a knowledge-based causal
system, it can scale well given appropriate knowledge including statistical knowledge.
BioWar itself is a sufficiently complex model to test validation approaches: it can represent a
demographically-realistic, spatiotemporally-realistic, and features-rich city with millions of
people. In the real-world, statistics is used to scale economic models and market indicators
are used to scale the model measurements. If we would like to have precise world-scale
validated economic models/simulations, we will encounter the challenge of getting the proper
data before the challenge of inference. As more and better economic data become available,
WIZER can scale with the data and help build better economic models.

We have argued above that it is critical and necessary to invest in a clear, explicit and
automated representation and validation of simulations because we need to have replications
to do good science. It is also a good engineering practice to have design schematics covering
the entirety of the system (not just model specifications but also model behaviors and results)
that can be automatically checked and executed by computers. While it takes time and
resources to construct knowledge bases and inference rules, Table 2 indicates that once this is
done we can recoup the investment and get the dividends. The needed investment is also
reduced as the construction of knowledge bases and inference rules can piggy-back the
model specification activities.

DISCUSSION

WIZER is unique in that it pioneers ontological and knowledge-based inference for
simulation validation and model-improvement. WIZER is a causal and logical reasoning,
hypothesis building & testing, and simulation control engine with statistical and pattern
recognition capabilities. It strives to employ deep and structural knowledge by employing
causal and ontological reasoning. WIZER seeks to emulate scientists doing experiments and
analyses via the scientific method, rather than providing another methodological approach or
programming environment. The causal reasoning component provides link to empirical data
and knowledge of scientific experiments.
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While other toolkits such as Swarm (http:/wiki.swarm.org), TAEMS (O’Hare and
Jennings 1995, Lesser et al. 2004), and Repast (http:/repast.sourceforge.net) provide
programming environments for agent-based simulation systems, WIZER is designed to help
with scientific experimentation, validation, scenario analysis, and model improvement.
WIZER is able to run on top of any simulation system, including those constructed using
Swarm and Repast toolkits.

The following table compares WIZER and other tools:

TABLE 3 Feature comparisons between WIZER and other techniques

WIZER Swarm/TAEMS/Repast  Evolutionary  Data

Strategies Farming
Programming No Yes No No
environment?
Unit of inference Rule and None Evolutionary  Data
causation and genetic growing
operators heuristics
Object of Simulation, Code Simulation Data
operation data and and data
knowledge
Experimentation?  Yes, Yes, human operated Yes, No
automated automated
(fitness)
Knowledge Yes No No No

operation?

WIZER differs from evolutionary programming (Fogel 1999), evolutionary strategies,
and genetic algorithms in that it does not need a population of mutation/crossover candidates
nor does it need mutation, crossover, or other evolutionary and genetic constructs. Instead,
WIZER applies knowledge inference to simulations to determine the next simulation run. If
the result of inferences mandates a radical change, a revolution will occur. From the
historical point of view, evolution took millions of years to affect change, while the
application of the scientific method after the Renaissance advanced science and affected
changes on the Earth’s surface in only a few hundred years.

Our approach facilitates the integration of simulation and knowledge inference. As a
simulation runs, producing perhaps emergent behaviors, simulation-based knowledge is
automatically captured and analyzed. As knowledge changes, the simulation can be changed.
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For social sciences, the inferential approach allows investigation of the foundations of
social networks, first by the validation of agent-based systems and in future by the validation
of more realistic systems (e.g., physical models). Unlike the Exponential Random Graph
Model (ERGM) or p* (Robins et al. 2006) which attempts to characterize the probability of
social network structures in a top-down manner using pure statistics, WIZER can be used to
characterize a range of agent behaviors and the resulting emergent social behaviors from
agent interactions in a bottom-up fashion and within a proper context of the application and
semantics. Our inferential approach indicates a path toward more profound theories for social
interactions and group behaviors.

In the scientific community, the explosion of data and the need for collaboration
paved the way for cyberinfrastructure, which is an infrastructure for data acquisition, data
management, knowledge sharing, visualization, and collaboration over the Internet for
scientists and engineers. The linkage between simulations within cyberinfrastructures and
knowledge inferences is not yet automated. Our approach suggests one way to automate the
linkage and thus provide a simulation infrastructure for scientists and engineers. This may
speed up the analysis of massive data sets. Social scientists, artists and humanists in
particular need a simulation infrastructure to play out and investigate phenomena that cannot
be described by math, logic and statistics alone.

The inferential approach underlying WIZER for simulation validation facilitates more
precise research in organization and management sciences. As data become more available,
aided by high performance computers, the simulations become more precise enabling more
detailed theories to be built and tested.
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COMPARING AGENT TRAJECTORIES

H.V. PARUNAK,* S. BROPHY, S. BRUECKNER
NewVectors division of TTGSI

ABSTRACT

Sometimes it is desirable to measure the difference between the spatial trajectories of two
or more agents. The naive measure (the sum of Euclidean distances between locations at
successive timesteps) increases with the lengths of the trajectories, which is not suitable
for some applications. This paper explains the problem that motivates such a comparison,
describes the design of the comparison that we are using, and gives an example of its ap-
plication.

Keywords: trajectories, prediction, comparison

INTRODUCTION

It is often useful to invoke spatial metaphors, such as “location,
tory,” in describing agent behaviors.

move,” and “trajec-

Like any system, a software agent has a state, the vector of all variables that describe its
condition. By analogy with the <x, y, z> vector of physical location, we call the set of all states
that the agent can assume its “state space,” and its current state is its “location” in that space
(which may be continuous or discrete, and may or may not have a proper metric). For some
agents (e.g., robots or routing agents), an important component of their state is their physical lo-
cation, but it is also useful to think of an agent searching for information as having a location in
“semantic space,” or of a planning agent as occupying a location in “task space.”

When agents make decisions, they often change their state, and we say that they “move”
in their state space. Similarly, successive decisions constitute a “trajectory.” Again, these terms
are understood literally for physically situated agents, but are applicable metaphorically to any
agent.

For some applications, an agent’s trajectory is more important than its individual move-
ments, and the set of trajectories of several agents is more important than their individual trajec-
tories. To analyze such systems, we need to compare trajectories and characterize them collec-
tively. This paper offers some tools for this purpose

Section 2 motivates the comparison of agent trajectories in the context of a specific mod-
eling construct, the polyagent. Section 3 describes several measures that can be used to compare
trajectories. Section 4 gives an example of using the measure.

* Corresponding author address: H. Van Dyke Parunak, NewVectors, 3520 Green Court, Suite 250, Ann Arbor, Ml
48105; e-mail: van.parunak@newvectors.net.
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MOTIVATION FOR A MEASURE

Our polyagent technology for predicting the fu-

i A

ture (Parunak and Brueckner 2006) represents each — g =
domain entity by multiple ghost agents, each exploring | § = o~
a different alternative future for the entity. For clarity, | 8§ 7
we assume that the future under consideration is a pos- | = TSNS
sible path through two-dimensional space, though

Time (x) Now (t=1) .

paths through more complex structures (such as se-

mantic networks or hierarchical task networks) can | _ _
also be explored. Figure 1 Trajectory analysis: Ghosts

run past “Now” into the future to make

We wish to interpret the set of trajectories dis- |Predictions. The upper bundle di- -
covered by the ghosts. In particular, we are interested |Verges att, while the lower one bifur-
in characterizing their divergence over time. The prob- [Cates.

abilistic behavioral models of the ghosts emulate interactions of their entities with one another
and with the environment. Since these interactions are highly nonlinear in most domains, they
tend to result in phenomena such as divergence and bifurcation, and can also characterize the
ghosts’ environment.

Figure 1 illustrates divergence and bifurcation. Ghost time is indexed by t and real-world
time by t. Ghost simulation begins in an environment whose state corresponds to a point in the
past relative to t. When t = t, we compare ghosts with the real entities that they represent, and al-
low the fittest ones to run into the future to form predictions. The upper bundle diverges beyond
the “prediction horizon” (Parunak, Belding et al. 2007). Detecting this divergence would enable
the system to avoid wasting resources on exploring further. The lower bundle bifurcates. In this
case there is still predictive value in running the ghosts ahead, but detecting the branch point is
crucial for understanding the system.

The degree of divergence depends heavily on the environment. For example, if ghosts are
exploring possible paths for a pedestrian in the middle of an open field, they will diverge more
than ghosts exploring paths for the same pedestrian at the bottom of a long, narrow valley. Dis-
tinguishing these cases can enable us to make more efficient use of the population of ghosts, and
can also provide a useful characterization of the environment in its own right.

For our purposes, a measure of trajectory similarity should meet three requirements.

1. It should be independent of trajectory length, so that we can apply it across trajectory
bundles of different lengths, and use it to monitor similarity as a trajectory evolves.

2. It should be tolerant of both temporal and spatial offset. Two trajectories that follow the
same path but at slightly different times, or that run parallel to one another but not in ex-
actly the same location, should be considered similar to one another, with the degree of
similarity decreasing smoothly as the differences increase.

3. It should be efficient to compute. This requirement is motivated by our desire to use the
measure in a real-time feedback loop to modulate the generation of polyagent ghosts.
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The gold standard for measuring things is a metric, which is a function d from a Cartesian
power of a set X to the reals that exhibits non-negativity, identity of non-discernibles, symmetry,
and subadditivity. In general, our functions do not satisfy all of these conditions, so we call them
“measures.”

DEVELOPING A MEASURE

Our approach to comparing trajectories has three components: measuring the difference
of a pair of paths, extending this measure to a bundle of trajectories, and converting the un-
bounded measure of difference to a bounded measure of similarity.

Pairwise Comparisons

We will compute our metrics on some ex-
perimental paths. Figure 2 shows the first test set:
eight trajectories in two bundles, moving from left
to right. Half of the trajectories in each bundle
zigzag to simulate stochastic variation around the
main course of the bundle. We want our distance |Figure 2 Eight trajectories from left to
measure to show that these two bundles separate, |right. Four take the upper path, four take
then converge. the lower. On each path, two go straight,
while two zig-zag around them.

The naive starting point for comparing tra-
jectories is the sum of the Euclidean distances between corresponding points in the trajectories.
If d; is th@ Euclidean distance between the ith pair of points in a trajectory of length N, the dis-
tance is ) d,. When we have more than two trajectories, we take the mean of the pairwise dis-
tances. This approach is reasonable when

o All trajectories have the same number of steps
e All trajectory steps are of the same time duration

e All trajectories start at the same location

The sum of pointwise Euclidean distances is monotone nondecreasing as the length of the
trajectory increases, since each additional step may add more difference. Thus pairs of long tra-
jectories show a larger difference from each other than pairs of short ones, simply because they
include more points, violating our first requirement. Some form of normalization is needed.

The obvious normalization is by the length of the trajectory, giving the average separa-
tion per step,

If we apply this measure in real-time, the number of items in the sum and thus the nor-
malizing constant increase throughout the run, with undesirable consequences. Figure 3 shows
the point-by-point Euclidean distances (the upper zigzag line), and the running average separa-
tion (the lower line). In the lower line, while the divergence of the trajectories is clearly marked,
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their subsequent convergence is much less ' [ ' ' [
clear, because the change is diluted by the
many differences already included in the
average.

[y ] o =l
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For monitoring trajectory prox-
imity during execution, a running average
of point-wise trajectory separations over a
Scoring Window is more effective than
an overall average. In our tests, a scoring I 1
window of 4 is long enough to smooth the : : ' ' '
scores. The wider the scoring window, the : 1 e 40 a0
longer it takes for the score to reflect a
change in path similarity patterns. We use
the scoring window to normalize scores
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Figure 3 Point-by-Point and Running Average
Distances

for the various refinements discussed be-
low. Figure 4 shows the behavior of a scoring window of width 4 on the trajectories of Figure 2.
It smooths out the zigzags and gives a distance profile that corresponds to our intuition about the
overall behavior of the bundles, but it lags the actual movement of the trajectories by 2 time steps
(half the width of the window).

The Euclidean measure does not recognize path pairs that follow identical routes with a
small time lag as being similar, and thus does not satisfy our second requirement. Two alterna-
tive mechanisms can accommaodate time lapses, step windows and the Laurinen algorithm.

The step window method uses two parameters, the Past Step Limit and the Future Step
Limit, to define a window of comparison around the matching point on the paired path. For each
point on one path, the distance is computed to every point on the other path that falls within this
window. The shortest such distance is that point’s distance from the other trajectory. Then these
distances are averaged over the trajectory.

This approach captures the similarity between some lagging paths, but shows discontinui-
ties as paths move within the window, and cannot discriminate between paths that lag at different
distances if they all fall within the window. These problems result from the abrupt boundaries

and arbitrary length of the window. In ad-
dition, of the four conditions for a formal
metric, the step window method violates BF 1
all except nonnegativity. The main culprit
IS asymmetry: the sum of distances of
points in trajectory A to the closest points
in trajectory B is not necessarily the same
as the sum of distances of points in trajec-
tory B to the closest points in trajectory A.

TF T T T 7 T =

Distance
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A more general method for align- i |
ing paths that are not exactly aligned tem- | . | . |
porally is Laurinen’s algorithm (Laurinen, 0 10 20 30 40 50
Siirtola et al. 2006), which explicitly in- SlEh
cludes temporal distance when measuring

Figure 4 Running average, scoring window = 4
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the separation between points on two trajectories. Applying this algorithm requires defining a
mapping from time to space. We multiply the time-distance between the comparison steps by a
Step Weight Factor and use the result as a third component in the Euclidean distance computa-
tion (along with the x-distance and y-distance components) in selecting the closest matching
points between two trajectories. (The Step Weight Factor is analogous to the speed of light in
special relativity, in its role of rendering space and time commensurate.) In our polyagent appli-
cation, agents can move a maximum of five cells at each time step, so we set the step weight to
1/5 = 0.2. This approach allows lagging paths to score as similar, and provides a smoother func-
tion than does the step window approach.

By itself, this computation is asymmetrical, and violates the same three metric conditions
as the step window method. To ameliorate the problem, Laurinen computes the distance in both
directions and chooses the maximum of the two. This approach violates only the triangle ine-
quality. In practice, in spite of this shortcoming, it is serviceable as a well-defined measure of
trajectory similarity.

Figure 5 shows the effect of these two ad- —
justments on time-lagged paths. Four trajectories (a
straight one and a zigzag one for each of the upper
and lower branches) are synchronized with each
other. One straight trajectory for each branch is de-
layed by three time steps, and one zigzag trajectory
for each branch is delayed by four time steps. The
upper curve uses a scoring window of 4, but makes
no correction for lagging, and as a result gives a
higher distance (about 7) than the same measure ap- : - " ” " =
plied to time-synchronized trajectories in Figure 4 Step
(about 6). The lower two curves, nearly superim-
posed, show the Laurinen measure with step weight
0.2 (slightly higher) and past step limit = future step
limit = 5. Both cases greatly reduce the penalty im-
posed by the time lag.

Distance
— a2 (23] E= (5] [=2] =
T T T T T T T

Figure 5 Distances of time-lagged
paths. Top: scoring window 4. Middle:
Laurinen with step weight 0.2. Bottom:
past limit = future limit = 5.

Dealing with Bundles

The methods discussed so far define a similarity between two paths. In some applica-
tions, we want to characterize the tightness or looseness of a bundle of trajectories.

The naive approach (used in the Elots so far) is to average the similarity scores of all pos-
sible pairs in the bundle, requiring O(N) operations. In keeping with our third requirement, we
prefer a linear time algorithm to enable the similarity score to be used as a live feedback control.
Various Pairing Strategies can reduce the computation while maintaining the same scoring pat-
tern. We explored four strategies:

1. PATH_PAIRS computes all path-pair combinations (2N(N-1) operations).

2. MEAN_PAIRS compares all paths against the bundle mean location (2N operations).
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3. INTO_MEAN measures the distance from
individual paths to the mean (N opera-
tions).

4. FROM_MEAN measures the distance
from the mean to individual paths (N op-

erations). mg;‘gd”als
The MEAN_PAIRS approach results ina | " } & S

score that follows the same trend, but is generally |*

lower than the full PATH_PAIRS score, because \

the bundle mean is usually closer to a path than
the score that path would get when compared to Figure 6 INTO_MEAN vs. FROM_MEAN.

all of the paths individually. Points a, b, and ¢ are on the mean path;

. ) points d, e, and f are on one of the individ-
Laurinen measures the difference between | o paths.

two paths in both directions and takes the maxi-
mum. PATH_PAIRS and MEAN_PAIRS follow this convention (thus the factor of two in the
number of operations). Notice the impact of this convention when reasoning with mean paths.
INTO_MEAN uses only the components of the score from each individual path to the mean,
while FROM_MEAN uses only the components from the mean to the individual paths. The
mean path naturally tends to be straighter than the individual paths, resulting in a systematic dif-
ference between INTO_MEAN and FROM_MEAN.

Consider comparing the mean path with a path that mostly follows the group, but loops
out and then back into the bunch (Figure 6). First, consider the INTO_MEAN score from point e
on an individual path to the mean path. All of the nearest points (a, b, or ¢) on the mean path are
far away. But in computing the FROM_MEAN score, points a, b, and ¢ will find close points on
the individual trajectory (d, d, and f, respectively), and their relatively large distance to point e
will never enter the computation.

Figure 7 shows all four scores for the trajectories of Figure 2.

This observation enables a further efficiency. Since MEAN_PAIRS uses the larger of the
INTO_MEAN and FROM_MEAN scores, and since

INTO_MEAN is usually larger than FROM_MEAN, il
INTO_MEAN is an efficient surrogate for s
MEAN_PAIRS. However, one may prefer to use
FROM_MEAN instead, for the following reason. The
mean over a set of trajectories tends to smooth out
their individual variations, and so FROM_MEAN
automatically smooths without the time lag imposed
by a scoring window. Figure 9 compares the . . . . .
FROM_MEAN scores with windows of 1 and 4. As 0 10 20 30 a0 50
the distance increases relative to the variance, the —

measure with scoring window of 1 (the left-most
curve) becomes almost as smooth as that with a win-
dow of 4 (to the right), and without the lag.

Distance
L] (%) Eo
T T T

Figure 7 Bundle scores. Top:
PATH_PAIRS. Middle: INTO_MEAN =
MEAN_PAIRS. Bottom:
FROM_MEAN.
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In applications, the use of the mean both to compute
the baseline trajectory and to combine the differences
of individual trajectories from the baseline is sensitive
to outliers, and in practice we prefer to use medians
for both of these computations.

Similarity Calculation

Our measures so far are unbounded upward. It
is often more convenient to have a measure that is
bounded (say, in [0,1]). The naive transform, to com-
pute the similarity as the inverse of the distance, 1/d,
would work if our separations were always > 1. When
computing the distance for a bundle, rather than just a
pair of paths, or when using a scoring window, the dis-
tance can be < 1, resulting in similarity scores > 1.
Several approaches are possible.

We could define the similarity to be 1 for any
distance < 1. The step function generated by this ap-
proach loses information as to whether the computed
bundle distance is increasing or decreasing for small
separations.

We could scale the similarity as N/(N+d). This
transform avoids the step function, and raises the val-
ues to use more of the 0 to 1 range. But the shape of
the curve still drops off too quickly for distances that
should all be close to similar.

Distance
o

1} 10 20 30 40 a0
Step

Figure 9 Smoothing effect of
FROM_MEAN

Similarity
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Separation

Figure 8 Sigmoid Transformation, for
steep = 2.5 and offset = 2

The transformation we have found most satisfactory is a sigmoid (Figure 8),

1

similarity =
y 1

— — 1
+e steep (offset—d)

Offset determines the distance that is mapped to a similarity of 0.5, and steep determines the

steepness of the transform at that point. For our
test cases, offset = 2 and steep = 2.5 closely fol-
low the naive 1/d transformation. Figure 10
shows the similarity obtained by this transforma-
tion from the INTO_MEAN measure with scor-
ing window of 4.

Similarity
=
=

USING THE MEASURE

This section analyzes some actual ghost
trajectories from a military scenario that shows
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Figure 10 INTO_MEAN distance for Figure
2 transformed to similarity
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the effect of the environment on their movement. The terrain includes both open areas and roads.
When ghosts are on a road, they prefer to follow it, but in open terrain they move more freely.
Our plots do not show terrain features explicitly, but we will describe them for the examples we
discuss.

In addition to plotting the INTO_MEAN similarity score, we also plot the optlon set en-
tropy (OSE). Our similarity scores are global measures, appropriate for centralized use in manag-
ing a polyagent system, but not accessible to individual agents. An agent can monitor its option
set entropy locally. So the relation between these two characteristics is of great interest.

In this application ghosts live on a square lattice, and make their choices stochastically,
spinning a roulette wheel with as many segments as they have next possible steps (the “option
set”) whose segments are weighted in the following fashion. First, the ghost combines a number
of environmental signals (“digital pheromones™) from each option that it may choose into a sin-
gle attractiveness score for that option. In our application, the options are the cells to which the
ghost may move in the next step. Then, to adjust the degree of determinism in the system, we
map the attractiveness to a probability using the Boltzmann distribution,

where w; is the attractiveness of the ith option, p; is the
probability of moving to that option, and t is the Boltzmann
temperature. When t is large compared with w;, each option
has an equal chance of being selected. When t is small, the
choice becomes more deterministic in favor of the most at-
tractive option.

The entropy over the option set probabilities, nor- _
malized by the log of the number of possible steps, reflects | Figure 11 Ghosts on aroad

how much guidance the ghost has at that step. This optlon system
set entropy (OSE) varies from 0 when the ghost is 1oF —
moving deterministically to 1 when it is executing
a random walk. OSE is a good summary of how
converged an agent system is (Brueckner and Pa-
runak 2005). Might it serve as a local indicator of
the convergence of an agent bundle?

Similarity
= o =
Eo o oo
T T

=
[

e
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Figure 11 shows 19 trajectories that remain PR
on a road system. The trajectories all begin at the Step
dark area toward the lower-right of the figure.
Figure 12 shows the similarityl and average OSE | Figure 12 Similarity (descending curve)

across all agents for this system. and OSE (gently rising curve) for Figure
11

1 INTO_MEAN, Laurinen step weight 0.2, scoring window 4, transformed through sigmoid with offset = 2 and
steep = 2.5.
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Consider first the similarity. The trajectories diverge initially as
the ghosts spread out. Then, between time 20 and 30, they come closer
together, before continuing to diverge beyond time 33. At time 20 the
ghosts reach the crossroads. Because they have several options avail-
able (note the small peak in OSE at time 20), they tend to loiter in the
area for a few moments, and their local trajectories converge. Once
each ghost converges on a road to follow out of the crossroad, the simi-
larity again falls.

The OSE rises gently until the ghosts reach the crossroad,
where it reaches a local maximum, then levels off for the rest of the
run. The initial increase reflects the ghosts’ initial exploration. The
peak reflects their contemplation of the crossroad, and the final level
portion corresponds to their constrained exploration of the various
roads.

Figure 13 Shift from
Now consider the 59 trajectories in Figure 13. Figure 14 shows | open terrain to roads

similarity and OSE. The ghosts, again moving

from south to north, begin in open terrain where 10
they spread out, reflected in decreasing similarity.
The OSE is constant during this time: the environ-
ment does not constrain the ghosts, other than a
general attraction toward the roads at the north. At
time 12, some trajectories discover the road emerg-
ing from the right-hand side of the main cluster, |
and this constraint causes similarity to level off. At o 5 10 15 2 25 30 35 a0
time 17, further roads branch out. Because the Step

ghosts have multiple roads from which to choose, _ o _
similarity begins to drop again, while the addi- | Figure 14 Similarity (steadily decreas-
tional movement constraints from the roads cause | 1N9) and OSE (varying) for Figure 13

Similarity
8 8 8
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the OSE to drop. The rise in OSE from time 22 to 27 corresponds to the first wide spot on the
left-hand road, offering ghosts more options. Because they loiter in this region, the decline of
similarity is less pronounced. OSE again decreases as the ghosts follow the roads leading from
this wide spot, then increases gently again after time 33, as they discover the wider set of options
at the end of the left-hand road.

These examples show that while OSE and similarity are sometimes correlated, they
measure different things. OSE reflects how constrained individual ghosts are, while similarity re-
flects how close they are to one another. All four combinations can occur. Highly constrained
ghosts can be close to or far from one another, as can ghosts that experience little constraint.
Correlations emerge when ghosts that are generally traveling in the same direction reach a deci-
sion point, which increases their OSE and at the same time allows them to catch up with one an-
other, increasing their similarity.

CONCLUSION

It is often desirable to characterize the trajectories exhibited by a set of agents. In our
work, these trajectories represent alternative possible futures being generated by a polyagent, and
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the degree to which they converge is an important index of the quality of the predictions. Such
measures may be useful in other applications as well (for example, clustering targets into groups
within which the behavior is similar). We seek measures that are independent of the trajectory
length (so they can be used for real-time control of the agents), tolerant of both temporal and spa-
tial offset, and efficient to compute. Naive measures do not satisfy these requirements, but the
transforms presented in this paper provide a rich toolbox that we are using in analyzing predic-
tive trajectories.
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SUGARSCAPE ON STEROIDS: SIMULATING OVER A MILLION AGENTS AT
INTERACTIVE RATES

R. M. D’SOUZA *, Dept. of MEEM, Michigan Tech. University
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ABSTRACT

In this paper we present a new technique for simulating mega-scale Agent-Based Models (agent
population sizes exceeding one million) at interactive rates. We achieve this performance by leveraging
the computing power of Graphics Processing Units (GPUs). To test our system, we implemented
SugarScape, a simple model with many common ABM features. We are able to achieve over 50 updates
per second with agent populations exceeding 2 million on an environment with a resolution of 2560x1024
with visualization.

Keywords: ABM Simulation toolkit, GPGPU, Parallel Computing
INTRODUCTION

Due to the emergent nature of Agent-Based Models (ABMs), it is critical that the population sizes
in the simulations match the population sizes of the dynamic systems being modeled [1]. In domains such
as social modeling, ecology, and biology, the agent population can exceed several million. However, the
performance of current agent simulation frameworks is inadequate to handle such large population sizes.
Single core CPU performance has stagnated due to physical limitations. This fundamentally limits the
performance of all serial frameworks for ABM simulation. Parallel computing frameworks designed to
run on computing clusters suffer due to the bandwidth limitations [2]. Issues such as load balancing and
synchronization can severely degrade performance [3]. Moreover, visualization is inefficient in
distributed systems because of the amount data that must be communicated to the computer node that
handles the display.

In this paper we investigate Graphics Processing Units (GPUs) as an alternative platform for
ABM simulations. GPUs are powerful parallel processors designed to perform graphics functions such as
rigid body transformations and special effects such as lighting. Driven by the 3D gaming industry, GPU
computing power has been growing at a rate far exceeding Moore’s law [4]. New generations of hardware
have opened up more features for programming allowing GPUs to perform tasks other than graphics
computations.

GPUs are appealing for large scale ABM simulations for two reasons: one is the sheer number
crunching computational power. An NVIDIA GeForce 8800GTX has an average throughput of 512
GFlops [5], while a top-of-the-line Intel Xenon 2.6 Ghz quadcore processor has a theoretical maximum
throughput of only 63 GFlops. More importantly, the memory bandwidth of the GeForce 8800GTX GPU
is rated at 820.9 Gbps, while the Xenon is rated only at about 68 Gbps. The second major advantage is
cost. The GeForce 8800GTX GPU retails at $600 while the Xenon processor costs over $1000.
Additionally, Xenon processor suffers from cost overheads due to custom mother boards. Graphics cards
on the other hand can be mounted on much cheaper computer hardware.

Because of the high degree of parallelism, the computational model of GPUs is very different
from traditional programming. Taking advantage of the new data-parallel architecture is non-trivial and
requires radically new algorithms. In this paper we investigate ABM simulation using the GPU. To the
best of our knowledge, this is the first attempt at using GPUs for ABM simulation. The following sections
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will briefly describe the implementation of SugarScape [6], an ABM model that captures most of the
behaviors of social sciences ABMs.

APPROACH

The act of forcing a GPU to perform computational labors beyond computer graphics is known as
General Purpose GPU (GPGPU) programming. This technique requires a radical shift from traditional
serial programming techniques [7]. While older GPUs only supported a limited set of behaviors, modern
graphics cards have rich programmable functionality. By exploiting these capabilities, it is possible to run
general numerical computations on specialized GPU hardware. GPUs follow a single instruction multiple
data programming model, which does not fit conventional programming methods.

In GPGPU terms, textures (used to store image patterns) act as memory. Color channels in each
texel (smallest data element) are used to store values of variables. Updating data values of textures is
typically accomplished using shaders. In our implementation, variables for agent states are stored in agent
state textures (Figure 1). Variables representing the environment states are stores in environment state
textures. At each step, the environment and agent state textures are updated using pixel shaders. To make
the updates iteratively continue throughout the simulations, a method called ping-ponging is used [8].
Using framebuffer objects, results of the updates is written back to another texture without
communicating with the CPU. Since all computations are done by the GPU, our method is not hampered
by the slower bandwidth of the connection (PCI express) between the CPU and GPU. CPU is involved
only in processing some user input, and issuing rendering commands to the GPU.
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Figure 1 Agent state textures

SUGARSCAPE ON THE GPU

In this paper, we implement SugarScape to show that GPUs can be used to simulate large scale
ABMs efficiently. SugarScape is an extremely relevant model since its has most of the important
components of social simulation. Agents in SugarScape have a number of attributes such as vision and
metabolism, and are capable of adapting to varying environments. We implemented rules G (sugarscape
growback), R (agent replacement), M (agent movement), S(agent mating), P (pollution formation), and D
(pollution diffusion). In the following sub-sections, we briefly explain the implementation of each of
these rules.

Sugarscape Grow Back (G)

Sugarscape grow back is by far the simplest rule to implement on the GPU. To do this, we store
the current level of sugar inside one of the color channels within the world texture, and the maximum
sugar level within another channel. Re-growing the sugar then becomes an image processing operation,
where the sugar-level channel is replenished at a given rate until it reaches saturation. Supposing that the
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sugar-level is stored in the red channel, while the limit is stored in the green channel, we get the following
simple shader written in GLSL shader language:

vec4 next_sugar(vec4 prev_sugar, float regrowth)

{
}

return vec4(min(prev_sugar.r + regrowth, prev_sugar.g), prev_sugar.gbr);

Movement (M)

Updating an agent’s position can be performed using a pixel shader applied to the agent state
texture with the current world state as input. The basic idea for this operation is similar to that used in
various GPU particle system [9], with the added twist that the agents are moving according to the state of
the sugar-level in the outside world texture. Assuming that the sugar is stored in the red channel of the
texture, and that the agent vision range is given by the constant VISION, the following code updates the
agent’s position.

vec2 next_position(vec2 prev_position, sampler2DRect world)
{

vec2 best_position;

float best_sugar;

for(int i=-VISION; 1i<VISION; i++)

for(int j=-VISION; j<VISION; j++)

{
vec2 p = prev_position + vec2(i, j);
float s = texture2DRect(world, p)).r;

if(s > best_sugar)

{
best_position = p;
best_sugar = s;

}

return best_position;
}

A somewhat more difficult task is the problem of performing environment agent interactions. To
do this, we must use a separate rendering pass to perform a scatter operation [10]. The idea is to write the
agents into a separate agent collision map using a separate rendering pass [11]. From this collision map
we can locate agents directly based on their spatial position, which makes environment and agent-agent
interactions possible.

.5 |13 \
7.1 11.6
(7.18) | (11.6) A
agentstate
collision map

Figure 2 Agent scatter
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Scattering the agents is typically performed using a vertex shader. A vertex array of indices with
the same dimension as the agent state texture is initialized. Using a series of shaders, this array is then
drawn into the collision map to determine the positions of each agent. There are two basic methods for
scattering using a vertex shader. The most primitive is to use the render-to-vertex-buffer extension, and
directly scatter the agents in such a fashion. A much simpler and faster method is available on the latest
GeForce8 cards using vertex-shader-read-from-texture. With this feature, the vertex array is allocated
and initialized once, and subsequent scatter passes simply read from the agent state texture as they are
scattered. Figure 2 illustrates the scatter operation.

Replacement (R)

Handling agent death is accomplished using a state flag. If set to dead, then the agent is simply
not updated, and not scattered during other phases. Using conditional branching, this test can be made
extremely efficient. For simple replacement, the position and attributes of the agent can be randomized
upon death, rather than killing off the agent. However, this strategy is not compatible with mating.
Therefore, we only implement the death aspect of replacement, and allow mating to create a dynamic
population.

Mating and Reproduction (M)

Agent replication is one of the most difficult aspects of any agent based model to implement
properly. Making it work on the GPU is one of the key difficulties inherent in realizing efficient models.
The basic problem is analogous to memory allocation. Given a new agent, we wish to place it within an
empty (dead) agent cell within the state texture. A simple sequential algorithm to perform this replication
is to traverse the set of all agents until an open space is found, then place the new agent into the first
available memory location. Unfortunately, this is not likely to perform well for any realistic models given

both the enormous number of agents, together with the enormous amount of replications per update.
Gravid Empty Live

Figure 3 Stochastic memory allocation process (a) initial state (b)
mapping (c) state after 1 iteration

Further improvements on the basic sequential allocation technique are possible, using objects
such as freelists, but none of these are suitable for parallel allocation. In order to gain the necessary
amount of speed, we use a novel stochastic parallel allocation strategy. The key to this approach is to
relax the assumption that all allocations must succeed immediately. Agent replication is initiated by
setting a flag within the agent state texture that signals that the agent is gravid or about to reproduce (Fig.
3(a)). The basic goal of the allocator is to place each newly created agent into one of the empty cells. In
other words, it must match each gravid cell to a unique empty cell (Fig. 3(b)). This can be accomplished
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by defining a random invertible map, from the agent state texture onto itself. For the purposes of the
GPU, a linear shift is sufficient. A single iteration of this technique with an offset of 3 is shown in Fig. 3.
In this iteration, the map “*” is successful while as the map “**” is unsuccessful (Fig. 3(a), Fig 3(c)).
Subsequent iterations with different offsets may solve this. As the number of iterations increases, the
probability of success quickly converges to 100%.

Pollution Formation and Diffusion (P &D)

Implementing pollution once again requires use of the collision map. Assuming that the
concentration of the pollution is stored within a separate color channel of the world texture, it is possible
to blend the collision map together with the information contained in the agent state texture to add more
pollution to the environment. Pollution diffusion is handled using finite differences over the background.
Both processes can be carried out simultaneously within the world texture, and evaluated at the same time
as the environment growback.

RESULTS

In our prototype implementation, we have achieved over 50 updates per second with agent
population size exceeding two million on an environment with a resolution of 2560x1024 with
visualization. Figure 4 shows a screen shot of the visualization. Figure 5 shows the scalability of our
system. We are able to freely interact with the simulation as it runs, and dynamically change model
parameters without any perceptible degradation in performance.

Figure 4 Sugarscape screen shot

All simulations were carried out on a single desktop. The computer hardware consisted of AMD
Athlon 64 bit CPU with 1GB of main RAM running Ubuntu7.0 operating system. The graphics card is an
NVIDIA GeForce 8800 GTX. The total cost of the system is under $1,400.
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Figure 5 Scalability

CONCLUSIONS

We have successfully implemented an ABM simulation on the GPU. Our simulation runs entirely
on the GPU and takes full advantage of the ultra high memory bandwidth and computational power. To
the best of our knowledge, there are no single computer ABM frameworks that can deliver the
performance of our prototype system. We suspect that our prototype will outperform High Performance
Computing (HPC) clusters as well. Currently, statistics calculation is not implemented. However, we are
working on an algorithm that is based on image histogram generation, a topic well researched in computer
graphics [12]. While the simulation performance of GPUs is phenomenal, programming them is
completely counterintuitive. In the future we plan to develop libraries for essential ABM functions to ease
deployment of ABM simulations on GPUs.
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EVOLUTIONARY MULTI-AGENT TEAMS FOR ADAPTIVE OPTIMIZATION

L. HANNA, Carnegie Mellon University, Pittsburgh, PA.
J. CAGAN,* Carnegie Mellon University, Pittsburgh, PA

ABSTRACT

This paper explores the ability of a team of autonomous software agents to deal with
changing optimization environments by evolving to use the most successful algorithms at
the points in the optimization process where they will be the most effective. The
communal agent team organizational structure employed in this work allows cooperation
of agents through the products of their work and creates an ever changing set of
individual solutions. An evolutionary approach is used, but evolution occurs at the
strategic rather than solution level. As an application of this work, individual solutions
will be tours in the familiar combinatorial optimization problem of the traveling
salesman. With a constantly changing set of these tours, the team, each agent running a
different algorithm, must evolve to apply the solution strategies which are most useful
given the set at any point in the process. As a team, the evolutionary agents produced
better solutions than any individual algorithm used.

Keywords: Evolutionary agents, adaptive optimization, traveling salesman problem

INTRODUCTION

For many complex optimization problems such as combinatorial optimization problems,
exact algorithms and solution strategies for determining the optimal solution often don’t exist or
are so involved that they are only practical for specific applications under specific conditions. In
other words, it is very difficult to determine for each possible starting point in a highly multi-
modal design space, what is the best strategy for moving the solution closer to the global
optimum. The conditions that motivate using specific solution strategies, if they’re even known,
may change rapidly as the design space is traversed.

Thus we argue that solution strategies should evolve dynamically as conditions change,
i.e., as new solution states are discovered during the optimization process, the best strategies may
be employed at the correct time to achieve maximum improvement of individual solutions.
Evolution is not a new concept, but the use of evolutionary processes on the solution strategies is
very different from typical genetic algorithms where genetic operators reproduction, mutation,
and selection are usually applied to the solutions. Here, the solution strategies are recombined,
altered, and removed through these genetic operators based on their success in improving
solutions.

However, in order to ensure that a globally superior solution is obtained, evolving
strategies should also be organized and coordinated in such a way that the design space is
explored in as many promising directions as possible when new solutions are presented. The

* Corresponding author address: Jonathan Cagan, Carnegie Mellon University, 5000 Forbes Ave., Pittsburgh, PA.
15213; e-mail: cagan@cmu.edu.
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idea of cooperation of strategies for design space exploration, in addition to their evolution for
maximum effectiveness, has led to the assertion that strategies should be embodied in
independent, autonomous software agents, which evolve at a population level to determine the
best solution strategy for a given set of solutions but also cooperate to more thoroughly explore
the design space.

The evolution of agents, representing solution strategies, at a population level is a rather
unique concept. Grefenstette (1992) explored the evolution of solution strategies for predator-
prey scenarios, but with the goal of producing a single ‘super strategy’ from the evolution of a
population of strategies (a strategy consisting of a set of decision rules) which could then be
applied to the predator-prey scenario (which was the simulated to determine the fitness of
individual strategies). Our aim is to evolve an efficient team of agents. Because of the
constantly changing set of solutions, the presence of agents in the team which run inferior
strategies, even in diminished numbers, strengthens the performance of the entire team: again, no
one agent can accomplish what the team as a whole is capable of.

TRAVELING SALESMAN PROBLEM

The Traveling Salesman Problem (TSP) was chosen as an application for the proposed
framework because it is such a well known and straightforwardly defined problem, though the
goal of this work is not to present an algorithm which solves the TSP better than any other
algorithm thus far. The objective of the TSP is, given a set of cities and a cost function for each
pair of cities, to find the round trip tour with the lowest cost that visits each city once and only
once. For the problems we will explore in this paper, the cost, or distance, function between
cities is a ‘pseudo-euclidean’ function described by Padberg and Rinaldi (1987).

Though more successful algorithms have been developed (the reader is referred to
Applegate et. al (2006) and Laporte (1992) for descriptions of the best known and most current
algorithms), for this work only a few have been chosen in three categories of algorithms,
construction, improvement, and reduction. Construction algorithms are so named because they
take, as input, an incomplete or partial tour and return either a complete tour or a longer partial
tour after adding cities in a predefined manner. For this study three simple and straightforward
construction algorithms, nearest insertion, farthest insertion, and arbitrary insertion, were used
(Golden et.al. 1985). Improvement algorithms, as their name would suggest, improve an existing
partial or complete tour by rearranging the order of the cities in the tour based on different rules.
There were three improvement algorithms used in this study, 2-Opt (Bentley, 1990), 3-Opt
(Syslo et. al 1983), and a simple mutation. Reduction algorithms break down complete tours into
partial tours. In this work, two very basic reduction algorithms are employed. The first of these
is random reduction, which involves simply randomly removing a random number of cities in the
tour. Best partial reduction, the second reduction algorithm, returns the best partial tour (the tour
with the shortest average leg length) containing half of the total number of cities in the same
consecutive order as the original tour.
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METHODOLOGY

Evolutionary Agents

To perform genetic operations such as crossover and mutation, individuals in an evolving
population are most easily represented by binary strings. The binary string defining an
individual agent in the evolving team of the proposed framework represents the decisions the
agent will make in its lifetime. We argue that decisions should be the primary element of an
agent’s genetic makeup because autonomy, the ability of an agent to make decisions on its own
without being told what to do, is essential to the definition of an agent (Wooldridge et. al. 1995;
Sachdev 1998). For the particular application of the TSP, agent decisions were defined as
follows:

From what memory will a tour be chosen,

Which tour from that memory will be worked on,

How will the chosen tour be worked on (i.e. which algorithm will be run), and
Where (which memory) will the new tour be put once work is completed on it.

ApwnhE

Thus, the genetic string of each agent consists of four binary chromosomes identifying these
properties (see Figure 1). The choice methods define the characteristics of a tour which an agent
will choose, i.e. if the agent will choose the best tour, the worst tour, be biased towards better
tours, or be biased towards worse tours. The significance of the memories will be discussed in
the next section.

From Memory To Memory
0 - Partial 0 - Partial
1 - Complete 1 - Complete
Algorithm
@ ® O |
000 - 20pt
Choice Method 001 - 30pt
00 - Best 010 - Mutation
01 - Worst 011 - Nearest Insertion

100 - Farthest Insertion
101 - Arbitrary Insertion
110 - Best Partial Reduction
111 - Random Reduction

Figure 1 Structure of proposed evolving agent genetic string

10 - Biased towards good
11 - Biased towards bad

Agent Organization: Creating an Evolutionary Multi-Agent Team

The agent system architecture developed is similar to the asynchronous team architecture
developed by Talukdar, et. al. (1998) in that it incorporates the idea of shared memories, which
allow agents to cooperate indirectly by providing a place for agents to present their work so that
it is visible and available to others. However, in those systems the characteristics of each agent
and the rules for their relationships to the memories are specified a priori (Sachdev 1998; De
Souza 1993). In the proposed system the agent-memory cycles are evolved by including input
space and output space decisions in the agents’ chromosomal representations (toMemory and
fromMemory). For the specific application of the Traveling Salesman Problem, only two
memories were used: one for partial tours (tours that do not contain all of the cities) and one for
complete tours. The tours in these memories evolve over time through the genetically
determined actions of the agents, rather than through recombination and mutation within the
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population of solutions as would occur in a typical genetic algorithm (Grefenstette et. al. 1985;
Potvin 1996).

ALGORITHM DESCRIPTION

Our proposed Evolutionary Multi-Agent System (EMAS) algorithm simulates temporal
asynchrony by dividing the overall process into discrete iterations. Each iteration, all agents
undergo activation, at which point they make decisions and perform actions based on their
genetic sequence. After all agents have been activated, reproduction occurs, in which parents
are selected and new agents are created. Reproduction and activation both involve a simple
operator for mutation. Finally, the agent community undergoes selection, where the weakest
individuals are removed from the population. In this section, each of these important functions is
discussed in detail.

Mutation

In the proposed framework, mutation is used for two purposes. The first purpose,
common to most evolutionary and genetic algorithms, is to make the system more stochastic —
mutation allows a more thorough exploration of the design space for individuals by introducing
randomness into their creation. In the proposed framework individuals are also mutated when
they are not being successful. This secondary mutation is a way of allowing individual agents to
adapt to an environment by trying new decision methods, achieving diversity by variation. Both
types of mutation are random, meaning that a single randomly chosen bit is altered in the binary
gene.

Activation

Each iteration, all agents are activated. Activation of an agent consists of verification that
it is able to work (some memory-algorithm combinations are incompatible, i.e. construction
cannot be performed on a complete tour) and simulation and testing to determine if it will make a
positive difference. Simulation is an important step: agents will not place a solution they know
will decrease the average solution quality into their destination memory. This keeps the quality
of solutions in the memory high (i.e. keeps the average tour length low). As stated earlier, if an
agent is unsuccessful, i.e. unable to improve the average solution quality, after three tries, the
agent undergoes mutation. If an agent is successful in coming up with a solution that increases
the average solution quality, it then inserts the new tour into its destination memory. A flowchart
of agent activation is shown in Figure 2.
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Figure 2 Flowchart of agent activation

Fitness

A key principle in both selection and reproduction is the concept of fitness. It is often
difficult to establish a meaningful method for deciding who should live and reproduce and who
should not. Thus, before going into detail on the procedure for reproduction and selection, it is
important to establish the method of evaluation of individuals. In the proposed framework, the
indication of an agent’s success is embodied in its score. Score is based both on the amount of
improvement made by the agent to the average solution quality in its destination memory and the
number of times it has been activated (its ‘age’). When agents mutate, their score is reset to zero
but their age remains the same.
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Reproduction

After activating each agent in an iteration, agents with a score above zero are paired up as
parents and allowed to reproduce. Each agent may only reproduce once in an iteration, and
during reproduction is subjected to crossover with a randomly assigned partner at a single
random crossover point. The resulting two children each have a 50% chance of being mutated.
After they are created, the children agents are activated.

Selection

When new agents are added through reproduction, the worst agents are selected from the
population to be eliminated, keeping the population size constant. Selection begins by sorting
the agents by score from lowest to highest. Agents with the same score are then sorted by age,
the oldest on the bottom and the youngest on the top. Once sorting is complete, agents are
removed from the bottom of the list until the population is back to its original size.

RESULTS

Though our primary goal in this work was not to develop a method for solving TSP to
optimality, the quality of the solutions reached by the evolutionary team of agents proposed in
this work was very good compared to the performance of the individual algorithms on their own.
The solution quality reached by our Evolutionary Multi-Agent System (EMAS) algorithm were
consistently better than those reached by the other base algorithms and hybrid algorithms (a
priori designated construction algorithm followed by improvement algorithm).

The base construction algorithms nearest and farthest insertion always produce the same
final optimization solution for a given starting city, so running these algorithms for each of the
starting cities is a good measure of the average effectiveness of each of these base algorithms.
Similarly, the same starting tour will always lead to the same final optimization solution after
running any of the base improvement algorithms presented. Though the random order of city
addition in arbitrary insertion makes the final tour different even for the same starting city,
testing each starting city still provides a good estimation for the effectiveness of this algorithm as
well. Thus, for the 48-city problem, EMAS was run 48 times (100 iterations each time) and
compared to the solutions resulting from running construction algorithms from each starting city
and then running improvement algorithms on the resultant tours. Table 1 clearly indicates that,
on average, the solution quality produced by the EMAS algorithm is much better than any of
these hybrid algorithms. Similarly, the histogram in Figure 3 shows that the majority of
solutions reached by the EMAS algorithms were within 1% of optimal, whereas only two of the
other hybrid algorithms had any solutions at all in that range.
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Table 1 Mean and standard deviation of hybrid algorithms compared to EMAS algorithm for 48-
city problem

Algorithm Mean (% from Optimal)  St. Dev. (%)
3-Opt+NI 3.27 2.67
3-Opt+FI 3.47 1.52
3-Opt+Al 3.08 1.32
2-Opt+NI 9.61 2.32
2-Opt+Fl 6.68 11
2-Opt+Al 6.09 2.06
EMAS 0.68 0.61
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Figure 3 Histogram of 48-city problem comparing best solution consistency of EMAS to that of
hybrid algorithms

The consequence of this increased quality of solutions was computation time. Because
EMAS involves running several of the base algorithms each iteration, it is expected that the
amount of time required to reach the solutions generated is much higher. A single run of 3-Opt
on any individual starting tour for ATT48 would take less than a second, whereas a single trial of
EMAS run on ATT48 for 100 iterations takes an average of around 8 seconds. As mentioned
earlier, however, it doesn’t matter how many times this algorithm is run on the same starting
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tour, it will always produce the same final tour, which as we have just shown for the base
algorithms (construction only and improvement only) is usually worse than the result of the
EMAS algorithm. We show in Table 3, however, that even running the same number of
algorithms as would be run during a single trial of EMAS (10 algorithms * 100 iterations) in
random order without employing the evolutionary aspect of the EMAS algorithm will still result
in worse solutions.

Table 2 Comparison of EMAS to randomly generated algorithm activation order for ATT48
(Averages of 50 trials)

Mean (% from Optimal of St. Dev. Avg. Time
average tour in Complete (%) (sec)
memory)
1000 Randomly Ordered Algorithms 4.83 0.354 2.45
EMAS 4.38 1.66 8.33

SUMMARY AND DISCUSSION

The results present a convincing argument for the evolution of agents in a team at the
population level. Decisions have likewise proven to be a useful genetic property of agents in
such an evolutionary setting. The evolutionary teams evolved to generate better solutions than
the base algorithms alone. We have also shown that the strength of the EMAS algorithm lies in
its ability to evolve the best team each iteration. Evolution and activation within this team
results in solutions that are better than simply running the same number of algorithms randomly
on a similar set of solutions. We thus argue that the use of evolutionary agents to determine the
best solution strategies dynamically is a strong approach to adaptive optimization.

We have also begun to test this strategy with a much larger, 532 city TSP with even
better results in terms of solution quality. In so doing we have identified patterns in how the
EMAS algorithm allocates types of agents throughout its run. We hypothesize that we can take
advantage of such patterns to improve run time in future work.
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THE EL FAROL BAR PROBLEM AND COMPUTATIONAL EFFORT:
WHY PEOPLE FAIL TO USE BARS EFFICIENTLY
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ABSTRACT

Does how much an agent thinks about its own actions affect the global properties of a
system? We use the El Farol Bar Problem to investigate this question. In this model, the
El Farol Bar represents a scarce resource. Does the amount of computational ability that
agents possess affect resource utilization? For instance, if agents attend the bar randomly
on average 50 people will go to the bar. On the other hand, if agents act as neoclassical
economics suggest, its not clear what the average attendance at the bar will be, but in this
paper we will argue that it will also be near 50. In Arthur’s original model, he showed,
using a simulation involving an ecology of strategies, that the average attendance of the
bar converged to 60. Fogel et al. gave their agents more computational power and let
them use a evolutionary algorithm; they showed that the average attendance at the bar
was 56, not 60. If we examine these four results of (1) random agents, (2) perfect agents,
(3) Arthur’s agents, and (4) Fogel et al.’s agents, we can ask whether there is a
relationship between computational effort and attendance at the bar (e.g. the utilization of
a public resource). To investigate this question we look at a model where we can control
the computational power that each agent has to predict the attendance each week.

Keywords: machine learning, agent-based modeling, El Farol Bar Problem, genetic algorithms
INTRODUCTION

Truly adaptive agents are one of the promises of agent-based modeling, but they are
rarely used. This is particularly surprising since adaptation is one of the advantages that many
people list as a reason to use ABM instead of other modeling techniques. When Holland (1995)
discussed complex adaptive systems (CAS) and their relationship to ABM in Hidden Order, he
devoted an entire chapter to adaptive agents, and specifically mentioned internal models as one
of the mechanisms that define a CAS, and one of the most classic agent-based models, the El
Farol Bar Problem, utilized adaptive agents.

In 1994, Arthur posed a problem he called the El Farol Bar Problem. The El Farol Bar is
in Santa Fe, New Mexico and on Thursday nights it plays Irish music. There are 100 people in
Santa Fe who like Irish music, but if more than 60 of them attend the bar then the bar is too
crowded and no one enjoys the bar. If everyone attends the bar randomly, i.e. each Thursday
they flip a coin to decide if they should attend, then the bar will be underutilized since on
average 50 people will go to the bar. In other words, if the agents spend no computational effort,
the bar is underutilized. On the other hand, we could consider what would happen if the agents
act as neoclassical economics suggest and each agent does their best to predict the attendance of
the bar (i.e. uses an infinite amount of computational effort). In this case, there seem to be two
possible results, either (1) each agent predicts exactly the same attendance at the bar, in which
case every agent will either go to the bar or stay home, or (2) since there is an infinite number of

* Corresponding author address: William Rand, Northwestern Institute on Complex Systems, 600 Foster Street,
Evanston, IL 60208-4057; e-mail: wrand@northwestern.edu.
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ways to predict the next number in a finite sequence each agent will have a different prediction;
assuming that half of these predictions are that the bar will be crowded and half that it will not be
crowded, then half of the ‘neoclassical’ agents will go to the bar, and half will stay home. In
either case the average attendance at the bar will be 50, and the bar will be underutilized.

Arthur (1994) suggested a third model. He gave each agent a ‘bag of strategies’ that they
could use to predict the bar attendance and every week the agents used the strategy that would
have worked the best had they used it in the previous weeks. Arthur showed, using a simulation,
that the average attendance of the bar using this ‘ecology’ of strategies wound up being 60 and
thus under this model the bar was maximally used. At the end of his paper, Arthur speculates
that if he had used an evolutionary algorithm instead of the ‘bag of strategies’ technique that the
results would have been similar.

Fogel et al. (1999) decided to take up Arthur’s challenge and re-ran the El Farol
simulation but allowed each agent to use an evolutionary algorithm with 10 strategies that
evolved over 10 generations each week. Fogel et al. showed that in their model the average
attendance at the bar was 56, not 60. The agents were doing better than random, but the
attendance was not at 60, as Arthur had originally suggested.

If we examine these four results of (1) random agents, (2) perfect agents, (3) Arthur’s
agents, and (4) Fogel et al.’s agents, we see that there is a different amount of computational
power being employed and a different average attendance at the bar. Is there a relationship
between computational effort and attendance at the bar (e.g. the utilization of a public resource)?
We will investigate this question in this paper. We begin by examining some related background
to the question at hand. From there we pose a possible hypothesis and postulate what it would
entail. We then build a model to test this hypothesis, where we can control the number of
evaluations that each agent carries out each week (i.e., the amount of computational power given
to each agent). We explain how this model fits within our general framework for agent-based
modeling and machine learning, and we discuss the design of this model. We then present the
results of an experiment where we varied the computational effort of each agent. Finally we
conclude by discussing these results within the larger context of adaptive agents, and the trade-
off between computational effort and resource utilization.

BACKGROUND

Arthur’s original paper (1994) was more concerned with critiquing neoclassical
economics than it was with investigating the particular properties of the El Farol Bar Problem.
However, his research still represents one data point in our investigation into how computational
power affects resource utilization. Fogel et al.’s extension (1999) of Arthur’s work was more
concerned with questioning the stability of the attendance at the bar and how randomness and
evolution of strategies affected the long-term dynamics of the El Farol Bar Problem. Still this
work has also started to answer the question of how computational ability affects resource
utilization. Wolpert et al. (2000) examined how to automatically configure agents to best utilize
a bar. Whereas we are interested in how computational capabilities affect the overall
performance of the system when the agents do not care about the overall resource utilization,
Wolpert et al. take a more engineering approach to the question at hand, and design a system that
attempts to optimally utilize the bar. There has been other work on the El Farol Bar Problem
(Edmonds, 1999) and its refined version, The Minority Game (Challet et al., 2005), but the
relationship between computational power and resource utilization is rarely investigated.
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HYPOTHESIS

Our relationship of concern is the correlation between computational power and resource
utilization. Though the connection between these two variables may be impossible to discover in
general, we can begin by investigating it within the scope of the El Farol Bar Problem. As we
laid out in the introduction, there are four data points that we already have to help us investigate
this relationship. The first is random agents, which result in an average attendance of 50. The
second is neoclassical agents, which we argue will result in an average attendance of 50. The
third and fourth data points are Arthur (1994) with an attendance of 60 on average, and Fogel et
al. (1999) with an attendance of 56 on average. How exactly to relate these to computational
power is difficult, but clearly random agents possess the least computational power, since they
do no computation except flipping a coin, and neoclassical agents possess the most
computational power, since they are assumed to have infinite resources. The results from Arthur
and Fogel et al. both fall somewhere between these two extremes. If we think of computational
resources as the number of evaluations that we allow each agent to perform on its pool of
strategies with the current history of attendance then we can actually quantify this resource. In
Fogel et al.’s case this is easy. Each agent runs an evolutionary algorithm each week in which it
evaluates 20 strategies (10 parent strategies and 10 child strategies) for 10 generations, resulting
in 200 evaluations. In Arthur’s case this is more difficult since he does not specify how many
strategies each agent has in his original paper, but he lists as example numbers of strategies, 6,
12, and 23. Since Arthur’s model does not create new strategies and just evaluates the extant
strategies, then we can use 6, 12, or 23 as an approximation to the number of evaluations
Arthur’s agents carry out each week. Regardless Arthur’s agents use less computational
resources each week than Fogel et al.’s but more resources than the random strategy. We can
graph these (rough) data points on a figurative plot (see Figure 1).

In Figure 1, there is a line representing a possible relationship between the number of
strategy evaluations and the average attendance at the bar. This line is a hypothesis, but it is a
reasonable hypothesis. The general reasoning is that if the agents have too little computational
power then their behavior is essentially random.  However, if the agents have too much
computational power then their predictions start to resemble each other. Since the number of
data points that the agent is using to evaluate each strategy is small (usually around 10), there is
only so much data that the agents possess. As a result, after a certain point additional refinement
of strategies does not result in an improved prediction. If agents were able to remember which
strategy they had used in the past and make sure and choose a different strategy then the results
might be different, but in the current model if the agents have found a strategy which correctly
predicts the previous attendance then they will stay with it regardless if the same strategy failed
them in the past. As a result, in the end the strategies of all agents will start to look similar. The
more similar the agents’ strategies look, the more likely all of the agents are to take the same
action. In the extreme, if all agents take the same action then each week they will all go to the
bar or all stay home, assuming they stay home or go to the bar with a uniform probability, this
will result in an average attendance at the bar of 50.

On the other hand, if the agents are boundedly rational, and only possess a limited
amount of computational power their strategies will likely be very different from each other.
This will result in each agent choosing a strategy that works fairly well, but if also likely to be
different than the other agents. This will create the ‘ecology’ of strategies that Arthur discusses.
Given limited computational power it is unlikely that the agents will find an optimal strategy for
the past n weeks and thus they will all converge to suboptimal solutions. The hypothesis
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expressed by Figure 1 is that this heterogeneity of solutions in boundedly rational agents will
result in some agents attending but not all of them.
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FIGURE 1 Computational Resources vs. Average Attendance.

To investigate this hypothesis we examined the El Farol Bar Problem with a group of
agents where we could control the number of evaluations that each agent carried out each week.
Before we get to the details of how this experiment was carried out, we will examine how we
placed this model within the larger ABM-Machine Learning framework that we previously
developed (Rand, 2006).

FRAMEWORK

At a high level, ABM and Machine Learning (ML) (Mitchell, 1997; Hastie et al, 2001)
utilize fairly simple algorithmic structures to control their flow of operation. Roughly these
algorithms can be described as: initialize the system, observe what is happening, refine the
system, take actions, and repeat until time is up. As a result it is easy to examine how these
systems can be integrated. Let us use the El Farol Bar Problem as an example.

Arthur’s original model included a simple ML technique in it. In Arthur’s model all the
agents had a group of strategies. They would take this set of strategies and see which strategy
would have done the best of predicting the bar attendance if they had used it in the past. Since at
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each time step a new data point is generated it is possible that the actual strategy from the group
of strategies that each agent will use can change at every time. This is a very simple ML
technique. Initialize the population of strategies by generating some random strategies, like take
last week’s attendance double it, subtract the third to last week’s attendance from last weeks, or
take a running average of the last three weeks attendances. Then at each time step the algorithm
observes how the strategies have done on the current set of training data, i.e. the previous bar
attendances. After that, the algorithm refines the internal model by selecting the best strategy
given the new data. Finally the algorithm acts on the strategy that reflects the refined model and
repeats. As Arthur speculated (1994) and Fogel et al. showed (1999), the original El Farol Bar
algorithm of a ‘bag of strategies’ could be replaced by another standard ML technique.

We wanted to make use of a different ML technique than the one Arthur described.
There are many different ML techniques and there is no obvious best technique, but partially
since it was originally suggested in Arthur’s paper, we decided to investigate the use of an
evolutionary algorithm, and employed the genetic algorithm (GA) as originally devised by
Holland. As we have mentioned, Fogel et al. had previously explored a similar technique within
the El Farol Bar Problem. The GA makes sense in this context because it has the ability to create
a fairly robust time series predictor (by doing simple regression) and it is similar to Arthur’s
original technique, in that it considers a population of solutions, evaluates them, and decides
which strategy to use. In addition the GA is often described as manipulating schemata and thus
may be similar to the human process of induction (Holland et al., 1986) which is what Arthur’s
original model was intended to emulate. As a result of all of these factors we chose the GA.

We then placed the original El Farol Bar Problem and the GA within the context of the
Integrated ABM-ML cycle that we had previously described (Rand, 2007). The result is
illustrated in Figure 2.
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FIGURE 2 The El Farol Bar Problem and a GA within the context of the Integrated ABM-ML
cycle.

EXPERIMENT

We used the framework description from Figure 2 to guide the development of an
implementation of the El Farol Bar Problem in NetLogo (Wilensky, 1999). Similar to Fogel et
al. (1999), we used an auto-regressive (AR) model, whereby a strategy consists of a list of real-
valued numbers; these numbers are weights (in a weighted linear combination) that are used in
predicting the attendance at the bar, based on attendance in previous weeks. Specifically, for a
given strategy S with AR coefficients (wo, Wy, ... wr), where L is the number of preceding weeks
considered when predicting attendance, we have the following prediction formula:

p(S.t) = wy+ Zle wialt — 1)

In this equation, p(?) is the prediction for the attendance at week ¢, and a(t — i) is the
actual recorded attendance at week (# — i). For our experiment, we fixed L at 10 weeks. Each
agent had its own population of 10 strategies (initialized with weights drawn uniformly at
random between -1.0 and 1.0), which we evolved over time using a real-valued genetic
algorithm. Our model differs from Fogel et al. (1999) in several ways. Fogel et al. created
offspring solely through asexual reproduction — each of the weights in the parents’ strategy was
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mutated by adding a zero mean Gaussian random variable with standard deviation 0.1. While
our simulation also used this method for mutation, mutation was not the primary genetic
operator. Each weight was mutated only with probability / / (2L). Instead, staying closer in
form to the simple genetic algorithm (Holland, 1975), our primary genetic operator was
crossover, whereby two parent strategies (lists of weights) are split and recombined to form new
offspring. Fitness evaluation for a strategy consisted of measuring the sum of the prediction
errors, if the strategy had been employed for the last L weeks. Each agent uses 2L weeks worth
of attendance history, so that it can perform this evaluation. Specifically, the fitness of strategy S
at current week ¢ is defined as:

FOS. 1) =320, p(S.) — ali)

In this equation, we employed a linear error function where any error is weighted equally.
This differed from Fogel et al., who used squared error for fitness, biasing selection toward
strategies that do not make egregious errors. In order to evaluate fitness in early weeks, we
provided “false” historical data — that is, a(-1), a(-2), ... a(-L) were each initialized to random
numbers between 0 and 100. We used a strictly generational GA, where a generation of 10
parents is replaced by 10 children in each generation, whereas Fogel et al.'s method evaluates 10
newly created children and 10 parents from the previous generation and chooses the 10 best
strategies to create the next generation. Finally, we used tournament selection with a tournament
size of 3.

The primary goal of our initial experiment was to examine the relationship between
society-wide resource utilization (formalized as the bar attendance) and the amount of
computational effort expended by the agents (formalized as the number of generations of
strategy evolution the agents were allowed per week). Whereas Fogel et al. (1999) fixed the
number of generations per week at 10, we allowed this parameter to vary from 0 to 20. Note that
in the 0 generations per week case, no evolution is occurring at all. In this case, each agent has
only a fixed set of 10 strategies to choose from, which is, in some respects, similar to Arthur's
model (1994). We ran the model for 500 weeks per run and carried out 30 runs for each
parameter setting. Fogel et al. found that the behavior of his system reached a “steady-state” of
chaotic oscillation after 100 weeks, so our choice of 500 weeks seemed sufficiently large.

In several details, our experimental set up has deviated from that of Fogel et al., and it is
important to note that we are not attempting to exactly replicate their experiment or results.
However, by investigating the same problem and using a similar strategy representation, our
work is comparable to theirs, and differs mainly in some particular details of the evolutionary
algorithm, which Fogel et al. admitted were chosen somewhat arbitrarily. Thus despite these
differences, a secondary goal of our experiment was to determine if our results support the
general findings of the prior work by Fogel et al (by showing them to be robust despite variations
in the general evolutionary algorithm).

RESULTS AND DISCUSSION

For each run, we measured the attendance at the bar in each of the 500 weeks. Since the
early weeks could be skewed by the random initial conditions, we decided to concentrate on the
attendance behavior during the last 100 weeks of each run. The first metric we examined was
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the mean attendance, as this was the quantity focused on by previous work (Arthur, 1994, Fogel
et al., 1999). This is shown in Figure 3.
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FIGURE 3 The mean (over 30 runs) attendance at the bar in the last 100 weeks versus the
number of generations evolved each week. Standard error bars are shown.

Fogel et al., using 10 generations of evolution per week, found a mean attendance of
56.32. Our result for 10 generations per week was 56.52. The difference between these values is
on the border of statistical insignificance, and given that we made several differing choices in our
experimental setup, we feel our results support the previous findings of Fogel et al. Furthermore,
our model exhibited the same non-convergent oscillations around the mean, found by Fogel et al.
In addition, as we noted above, the 0 generations-per-week case is similar to Arthur's model of
bounded rationality. However, as shown in Figure 3, even without evolution, our mean
attendance was only 57.69, falling well short of Arthur's predicted convergence around 60.

While making comparisons to previous results is interesting, our primary goal, which was
not investigated by Fogel et al. (1999) and Arthur (1994), is to determine the effect on mean
atttendance of varying the amount of computational effort given to agents, i.e. the number of
generations-per-week. Figure 3 generally supports the hypothesis that we explained earlier. As
we increase the computational power of the agent, the average attendance at the bar decreases.
As can be seen in Figure 3, the difference between consecutive points on the x-axis is not
always statistically significant, but the general downward trend is statistically significant. As we
explained previously, one possible explanation is that as the amount of computational power
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increases the agents’ strategies start to converge, which drives down the average attendance at
the bar. Thus Figure 3 lends some credence to this hypothesis but further work is required to
confirm this hypothesis. In future work, we plan to investigate the diversity of strategies being
employed across all agents.

This result was interesting, but it also prompted us to question whether mean attendance
is the best metric to capture “resource utilization.” For instance, consider that there are two
qualitatively different attendance ranges — if 61 people attend the bar, then no one is happy,
whereas if 59 people attend the bar, then 59 people are happy. It is not clear that it makes sense
to simply average the values 59 and 61, when computing resource utilization. For this reason,
we defined a separate metric, which we shall call “societal benefit”, which is simply the number
of happy bar patrons per week. When the bar is overcrowded, the “societal benefit” for that
week is 0. We measured the average societal benefit across the last 100 weeks, and the results
are shown in Figure 4.
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FIGURE 4 The average (over 30 runs) societal benefit in the last 100 weeks versus the number
of generations evolved each week. Standard error bars are shown.

Similar to Figure 3, the relationship is that resource utilization decreases as we increase
the amount of computational power given to the agents. The trend here is even more apparent.
Part of this trend is obviously due to the decrease in attendance at the bar, but that is not the
whole story. We know from the previous work of Fogel et al. (1999) that toward the end of the
run, the average bar attendance usually fluctuated wildly. One explanation for the decrease in



80

societal benefit might be that these fluctuations result in fewer people attending the bar when it is
below capacity. To investigate this hypothesis, we examined the standard deviation of the
attendance at the bar. Figure 5 illustrates the standard deviation of the mean attendance at the
bar over the last 100 weeks versus the number of generations of evolution per week. As can be
seen the standard deviation does increase as the computational resources increases — that is,
allowing the agents more time to evolve their strategies results in a greater amplitude of the
chaotic oscillation in attendance. This supports the idea that the population is fluctuating wildly
and that is why the societal benefit is decreasing. However, precisely why additional
computational resources causes an increase in the size of the fluctuations remains a subject for
further study.
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FIGURE 5 The average (over 30 runs) of the standard deviation of the mean attendance in the
last 100 weeks versus the number of generations evolved each week. Standard error bars are
shown.

FUTURE WORK AND CONCLUSION

These initial results are tentative, and there is more work that needs to be done to
substantiate the hypotheses that we have suggested. For instance, the number of generations per
week might not be the deciding factor that influences the societal benefit and the mean
attendance at the bar. Another possible factor is simply the total amount of evolution. For
instance, in the 5 generations per week case at week 500, each agent has undertaken 2500
evaluations, while in the 20 generations per week case at week 500, each agent has undertaken
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10000 evaluations. One possible explanation is that the behavior of the 5 generations per week
case at week 500 is comparable to the 20 generations per week case at week 125. Initial
investigations indicate this is not the case, but additional verification is warranted. Investigating
the diversity of the final strategies employed by the agents would also help substantiate some of
the claims that we have discussed. Finally, it would be useful to look at the entire attendance
distribution histogram rather than just aggregate measures like means and standard deviations.

Still, we have begun to investigate what the relationship between computational power
and efficient resource utilization is. This experiment is a first step toward understanding if there
are general claims to be made about this relationship. These tentative results indicate that it
might be possible for simple machine learning algorithms to be given a limited amount of
computational power and still achieve an ecology of strategies that produces a greater resource
utilization than a more complex learning algorithm with greater computational power.
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ANATOMY OF A TOOLKIT:
A COMPREHENSIVE COMPENDIUM OF VARIOUS AGENT-BASED MODELING
TOOLKITS ON THE MARKET TODAY
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ABSTRACT

With so many toolkits available, the choice of which one is best suited for your project
can be overwhelming. Moreover, different communities of users prefer different aspects
of a toolkit. This paper is a survey of the toolkits that are available today and how they
compare to each other from a multi-stakeholder perspective. Our goal is to provide users
the ability to better choose a suitable toolkit based on the features abstracted from various
documentation and the first hand experiences of a broad range of communities of users
and compiled into an easy to use compendium. In addition, we expand the Agent Based
Modeling body of knowledge to include information about a breadth of characteristically
and historically diverse platforms.

Keywords: Agent Based Modeling and Simulation, Agent Based Modeling Toolkits,
Multi-stakeholder Community

INTRODUCTION

Agent Based Modeling (ABM) toolkits are as diverse as the community of people who
use them. With so many toolkits available, the choice of which one is best suited to a project can
be overwhelming. Current toolkit surveys are helpful but are limited to four or five mainstay and
characteristically or historically similar platforms (Railsback et al 2006; Tobias et al 2004; Castle
et al 2006). Moreover, recent surveys are presented from the point of view and for the intended
audience of one or two communities of interest (Railsback et al 2006; Tobias et al 2004).
However, different groups of users prefer different and sometimes conflicting aspects of a
toolkit. For example, social scientists, who may have little or no programming experience are
concerned more with ease of use, the degree of programming skills required, and the inclusion of
intuitive interfaces to manage simulations. Many, in general, are not concerned about whether
the software is open source or restricted open source. To computer scientists, however, the type
of license that comes with the toolkit is a big consideration; they want the ability to “get behind
the scenes” of a toolkit and to have the programming flexibility to modify or extend the software
with third party applications if necessary. They also generally prefer saving execution time by
programming simulations themselves rather than using built-in interfaces. Teachers of ABM, on
the other hand, want packages that are easy to learn, that offer pedagogical insights, and that
provide the student with the ability to transition to more difficult and comprehensive toolkits in
the future.

In this paper, we survey the current state of the art in ABM toolkits, and we compare
them to each other from a multi-stakeholder perspective. Our goal is to provide users the ability

e  Corresponding author address: Cynthia Nikolai, Department of Computer Science and Engineering,
University of Notre Dame, Notre Dame, IN 46556; email: cnikolai @nd.edu.
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to better choose a suitable toolkit based on the features abstracted from various documentation
and the first hand experiences of a broad range of communities of users and compiled into an
easy to use compendium. We use a combination of both scaled and quantifiable evaluations to
create a taxonomy of toolkits for each characteristic of interest. This is followed by a text
explanation of each feature, including how and why a feature is ordered in each paradigm. Some
of the characteristics we evaluate include supported platforms, programming language and
degree of programming skills required to create a model/simulation, major domains for which a
toolkit may be used, type of license the toolkit includes, ease of use and completeness/robustness
of a toolkit, the maximum number of agents supported, and the ability to extend a toolkit with
third party software. We also capture a history of the toolkits, explaining the influences that
united to produce them and how different parallel threads of the ABM community emerged over
time.

This paper is structured as follows. In section I, we provide a short introduction to ABM.
This is followed in section II by a description of our methodology; In section III, we include a
preliminary compendium of taxonomies.

BACKGROUND

Agent based modeling is a framework for modeling a simulation based on creating a set
of autonomous objects, called agents or entities. An agent is “an abstract or physical
autonomous entity which performs a given task using information gleaned from its environment
to act in a suitable manner so as to complete the task successfully. The agent should be able to
adapt itself based on changes occurring in its environment, so that a change in circumstances will
still yield the intended result.”! The goal of agent based modeling is to have a many simple
entities, by which we can discover the emergent behavior of a system. In this paper, we evaluate
the toolkits on the market today which use this framework for modeling and simulating agents.

METHODOLOGY
Goals

We began this research by studying survey design techniques (Arsham 2002; Creative
Research Systems 2006; US GAO 1993; US GAO 1992; Walonick, 1997). First we outlined the
specific goals we hope to achieve through this survey so that we could identify our measurement
variables, and structure our question designs appropriately. The specific goals of this research
are:

1. to help multi-stakeholder users choose an ABM toolkit based on the characteristics
available

2. to compile a broader list than is available of toolkit characteristics into one easy to use
reference for users

3. to find out why type of classes of users are using each ABM toolkit

4. to ascertain what characteristics different communities of users when choosing an ABM
toolkit

! there are many different and equally valid definitions of ABM, but for the purposes of this research, we will
choose this one. This one is an informal definition by G.W. Lecky-Thompson quoted in (Hermans 97).
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Population Sample

Next we selected a sample population to achieve each of the goals. In order to achieve
goals 1 and 2, we have decided to contract a developer from each toolkit under consideration.
We have developed a specific survey for this group and this set of goals. (See appendix A for a
list of toolkits under consideration) In order to achieve goals 3 and 4, we have decided to sample
the users of each toolkit. We will sample about 5-10 users from each toolkit. We will achieve
this by contacting the user’s groups and/or the mailing list of the toolkits. We have developed a
specific survey for this group and this set of goals.

Data Analysis

In order to analyze the data, we will use three main analysis techniques: measures of
central tendency; measures of distribution, measures of association, and measures of causation.
In order to facilitate this, we have designed the survey questions to facilitate these types of data
analysis. For example, we have structured the survey with as few open ended questions as
possible. For most values, we have a list of qualified answers. We also have incorporated many
questions from an open ended format to a qualified, anchored scale.

Sources of Error and Countermeasures

The major sources of error in this research are various forms of biases that may be
inadvertently or intentionally introduced. In order to reduce inadvertent biases introduced in the
structure of the questions themselves or from the respondents, we researched and applied proven
survey design techniques that address exactly these issues (Arsham 2002; Creative Research
Systems 2006; US GAO 1993; US GAO 1992; Walonick, 1997). For example, we familiarized
ourselves with the population by reviewing the literature on the subject and talking with subject
matter experts. We specifically selected the sample populations and determined sample sizes to
eliminate biases and errors and be able to generalize to the population at large. We developed
the goals and identified corresponding measurement variables and then designed our questions to
evaluate the measurement variables and achieve our goals. We determined appropriate sample
populations and sample sizes. We also structured the questions such that we addressed the
limitations of each type of question to reduced its inherent biases. Some of the techniques we
used include writing clear questions, using syntax and linguistics to facilitate question
understanding and respondent recall, developing unscaled response lists, developing questions to
minimize question bias and memory error, tailoring questions to minimize respondent bias,
tailoring questions to minimizing measurement error, using odd numbered Likert scales to allow
for neutrality in decisions by the respondent, quantifying all scaled values, anchoring our scaled
lists, allowing escape choices for the respondent, including room for additional comments,
incorporating a pledge of anonymity, avoiding inappropriate questions and questions that do not
contribute to the goals, including an incentive, organizing the line of inquiry to maintain user
interest and avoid bias, categorizing topics by heading, using lists to avoid biases in memory
recall, qualifying the alternatives equally to avoid question biases, avoiding “yes” biases, asking
more specify questions at beginning and more broad question at the end of the survey, initiated
plans for follow-up for respondents and non-respondents, designing the questionnaire layout and
graphics to facilitate user satisfaction and interest in the survey, defining words that could be
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construed in a non-standardized way or in a different context to facilitate standardization
interpretation of the questions, and finally pretesting the questionnaire to help validate our
survey.

In order to eliminate potential intentional bias, we only ask the developers to evaluation
their own toolkit; we let the user’s evaluate comparable toolkits on the market. However,
because the developers can be biased toward their own software, in order to validate answers to
these questions, we ask the users directly to evaluate important characteristics of the toolkit and
comparable toolkits on the market. In order to eliminate skewed sample data toward one or two
major platforms, we have chosen samples from each toolkit user’s group.

Data Validation

We will use current literature and expert opinion to validate developer and user
responses; we also will use information collected through open source channels and expert
opinion to validate the responses.

Potential problems noted

The major potential problems we may encounter are low response rate. In order to reduce
non-responses, we plan to implement proven techniques to make the surveys easy, simple,
understandable, standardized, and pleasurable to the user. We also have included an incentive:
at the end of the collection period, we will have a drawing to give away three $20 gift certificates
to developers who respond to the survey. In addition, we will have a drawing for three $20 gift
certificates for users who complete the survey. We will attempt follow-up contacts with the non-
respondents per the survey design guidance. If we still do not have a response, we will try to fill
in the missing data as best as we can. A similar problem we may encounter is if people do not
answer questions or if answers to questions are unclear to the authors. In order to account for
missing data and information for which we need respondent clarification, we will attempt to
contact the individual, if follow-up contact has been authorized by the respondent.

Limitations

Some of the limitations of this research are that we have a relatively small sample size, so
the extrapolation may be less accurate for the entire population. There are general limitations of
survey data and of this form of questionnaire, which include missing data, non-responses,
question biases, memory biases, respondent biases, unstandardized interpretation of the
questions. Another limitation is that we assume that all toolkits written in different languages by
the same developers or development groups have congruent capabilities. For example, we
assume that anything one can do with the objective C swarm toolkit can also be implemented
with similar results in Java based swarm. In reality, there are subtle differences and nuances
between the two that may be important to users of the toolkits. Fourth, this survey is more of a
broad study of the ABM field rather than an in-depth study of one or two platforms. As such, we
do not go in depth for any one toolkit. Finally, the current list of important characteristics that
are being evaluated for each toolkit are based on current literature, which is has been geared
mostly toward the social science community.
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Preliminary Results

Then we gathered and assembling as much information as possible on various toolkits
from open sources and documentation. Taking some the questions that are important based on
current literature (Railsback et al 2006; Tobias et al 2004; Castle et al 2006), we use the
following list of characteristics that commonly are traded off in choosing a toolkit. Some of
these characteristics include platforms supported, programming language required, degree of
programming skills required, ease of use, maximum number of agents supported, license
employed, ABM history/roots. Note that this list is not complete and may change as the
responses from our questionnaires direct. They simply are a starting point and a preliminary
point of validation for this research. (See appendices B-E for beginning taxonomies for several
characteristics)

Completion of the taxonomies and more in-depth explanations will follow when as we
obtain and validate results from our surveys. Note, in the final results, we also will include a full
representation of features for each toolkit in an easy to use matrix format that allows for quick
and comprehensive comparison of particular characteristics across different toolkits, or an
examination at all characteristics across one specific toolkit.

FUTURE WORK

Currently, we are in the pretest phase of the survey design. In the next step, we will
deploy our surveys, collect the responses, and start analyzing and interpreting the results.

CONCLUSION

Different communities choose a toolkit based on various sometimes conflicting and
contradictory aspects as other communities. In this work, we explore what aspects different
communities value in choosing a toolkit. We also survey the current capabilities of the toolkits
that are available today to help users choose an appropriate toolkit for their purposes. We
explore a breadth of the current state of the art, and we organize the information into a
compendium of taxonomies for easy access and comparison of features. When we complete the
work, we will include a tabular formulation of the results as well.
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Appendix A

Toolkits Under Consideration
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Appendix E
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OUR SUMMER WITH REPAST:

FORGING A MODELING AND SIMULATION FOUNDATION
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ABSTRACT

The success of a large-scale agent-based model and simulation (ABMS) depends on
finding the right development tools for each phase of its development lifecycle. To that
end, the authors spent three months evaluating free agent-based modeling software, with
the goal of acquiring a tool set that would start with rapid prototyping and would progress
to parallel and distributed runs on a cluster-type computing environment. The products
we reviewed during this study include NetLogo, Repast J, Repast Simphony, and
ProActive. In this paper, we describe the efforts required to create and maintain various
models within each of these products, along with their respective strengths and
limitations. We present our results as a progression through a candidate tool set that will
serve as our foundation for upcoming ABMS efforts.

Keywords: Repast, NetLogo, ProActive, cluster

INTRODUCTION

During the development lifecycle of an agent-based model and simulation (ABMS),
different needs arise at each phase. Initially, a “quick-and-dirty” prototype is required to verify
the problem domain with the customer and to preview the simulation’s look-and-feel. After
feedback is received, what follows is the formulation of the model and a subsequent semi-robust
implementation. Once it is working sufficiently, providing reasonable results for a small input
set, the model is pushed to its computational limits and beyond, requiring the eventual use of
large-scale computational hardware. The success of the simulation depends on finding the right
development tools for each phase.

To that end, the authors spent three months evaluating free ABMS software, noting the
steps required to utilize each tool and to transition the simulation to another tool. The goal of
this research is to acquire a tool set that would start with rapid prototyping and would progress to
a system capable of parallel and distributed runs on a cluster-type computing environment.

Our requirements include the capability of deploying a prototype model developed on a
Windows workstation to a distributed-memory Linux cluster. In addition to investigating the
issues with cross-platform development (e.g., Windows workstation to Linux workstation), we
also discuss the issues with transitioning to parallel models (e.g., Linux workstation to Linux

* Corresponding author address: Tobin A. Bergen-Hill, The MITRE Corporation., 7515 Colshire Drive, McLean,
VA 22102-7539; e-mail: tbergenhill@mitre.org.
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cluster). Using the parallelism terminology found in North and Macal (2007), the initial goal for
the cluster capability is “coarse-grained” parallelism, i.e. a parameter sweep for a trade study or
objective function analysis for parameter optimization (Fujimoto 2000, Lin 1994). The eventual
goal is a “fine-grained” parallel simulation, i.e., the use of separate processes within the model
itself.

In this paper, we describe the efforts required to create and maintain various models
within each of these toolkits, along with their respective strengths and limitations. We note
which products have the ability to co-exist in a simulation. Where there are conflicts or issues,
we investigate whether the problems are intrinsic to the tool itself or whether they stem from the
ongoing development of the tool. We present our results as a progression through a candidate
tool set that will serve as our foundation for upcoming ABMS efforts, and we discuss the
decisions made for selecting the tools. Our hope is that others within the modeling and
simulation community who are at the initial stages of a project and who have considered any of
these tools can benefit from our experience and recommendations, and that they can apply our
template to make their project a success.

Related Work

One of the more similar efforts we’ve found is the HLA GRID Repast system from a
consortium led by the University of Birmingham (Zhang et al. 2005). As a system for executing
large-scale distributed ABMS over the Grid, it is definitely relevant. However, we did not want
to be bound by a single protocol for network communication nor by a specific target system.
We’re seeking a flexible framework that allows us to choose the network protocol for the
situation and to run on a variety of operating systems and hardware configurations.

Another similar effort is the MACE3J testbed. According to Gasser and Kakugawa
(2002), it is designed for multiple granularities of parallel execution and can run on a variety of
work stations. We recognize that MACE3J is a likely candidate for further evaluation; however,
our time constraints for a related, development project restricted the number of toolkits that
would receive detailed attention.

RESEARCH

Seeking a progression of toolkits that would lead us from prototype to a massively
parallel ABMS, we reviewed multiple existing tools across different development environments
and systems. We started with the list of free toolkits cited in the ABMS text by North and Macal
(2007), and narrowed it down to a handful of candidates. Before presenting our review notes,
we’ll briefly discuss our approach to simulation parallelization.

Parallelization Approach

When refactoring a simulation to a distributed architecture, there are numerous tradeoffs
to consider. In a shared-memory parallel (SMP) environment, threads can utilize shared memory
to exchange data. But in a distributed-memory implementation, agents don’t have access to
shared memory and must have an explicit communication facility, which yields model design
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overhead as well as runtime communications overhead. Also, the spectrum of parallelization
granularity ranges from trade study/parameter sweeps (e.g., batch mode) to simulation-level
granularity (e.g., HLA integration) to fine-grained distribution of a single agent. The most
suitable level of granularity again is a factor of the desired quantity of network communications
verses computational power.

In our investigation, we have kept in mind general parallel design approaches (Buyya
1999): partitioning of a model, inter-process communications, mapping to the hardware, and
agglomeration of results. In the modeling and simulation domain, this general approach distills
to determining, for a given model, the best approach to partitioning that model in a manner
which diminishes run-time overhead (communications), while still enabling distribution across
processors in a cluster environment. We describe our partitioning scheme in the Findings section
of this paper.

Product Review

The products we reviewed during this study include: NetLogo 4.0 beta, Repast J v3,
Repast Simphony Alpha 2, and ProActive v3.2.1. A summary of our notes can be found in Table
1 below. The rest of this section expands on the strengths and limitations of these toolkits. To
help contrast the simulation architecture of each toolkit, we provide a comparison of different
demonstration models in Appendix A: Demo Model Comparison.

Table 1 Toolkit Comparison Chart.

Toolkit Strengths Limitations
NetLogo Easy-to-use language Not meant for large scale
Java interface simulations
2D & 3D display No multithread support
No distributed simulation support
No batch run support
Repast J Handles medium-scale numbers Designed for single host execution
of agents per run, not for distributed
Contains several useful simulation
simulation classes No 3D display
2D display Made obsolete by Repast Simphony
Supports multithreaded events
Supports distributed batch runs
Repast S Handles medium-scale numbers Still in development
of agents No distributed simulation support
Cpntaiqs several useful Bound to only one development
simulation classes environment (Eclipse)
2D & 3D display Currently cannot function with
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e  Supports multithreaded events ProActive in a distributed fashion

ProActive e Supports distributed processes e No simulation architecture
(and consequently large-scale

. . e No visualization capabilities
simulations)

.. . . e  Clutters the command line
e  Minimally intrusive API Makes debueine difficul

t
e Configure distribution through * akes debtgsing diticd

XML file

The selection of these toolkits over others warrants explanation. One toolkit similar in
purpose and structure to Repast is Swarm (Minar et al. 1996); however, we chose to review
Repast because of its availability in Java and because of our familiarity with Repast. We also
selected NetLogo to review instead of StarLogo (Colella et al. 2001) because of our existing
proficiency with NetLogo and because of NetLogo’s ability to interface with native Java 1.5
applications.

NetlLogo

An ideal rapid-prototyping toolkit for ABMS is NetLogo (Wilensky 1999). We started
with version 3.1.4 and migrated to version 4.0 beta 5 halfway through the summer. NetLogo has
many strong points. Its script language is easy to use, which is no surprise given that it was
originally developed for educational purposes. It features a “Java extensions” interface that links
the NetLogo script with external Java routines. The display, which is essential to understanding
and debugging the simulation, can switch between 2D and 3D, although the simulation is based
on a 2D grid. And there are over 150 models that come with the distribution, to serve as
examples.

As a prototype tool, NetLogo is not meant for large-scale simulations. There is no
support for multi-threading natively in NetLogo, only through farming the work to threaded Java
code. Similarly, NetLogo is not set up to support distributed simulations; its HubNet feature is a
form of participatory simulation meant for human interaction, not high performance computing.

Repast J

Repast, or the REcursive Porous Agent Simulation Toolkit, is a medium-scale ABMS
toolkit that has various forms (North et al. 2006); for our study, we focused on Repast for Java
(Repast J) and Repast Simphony (Repast S). Repast J provides an execution environment with
an optional GUI for controlling the execution and monitoring of the simulation. It features
several useful simulation classes including a discrete-event scheduler, representation of the
model space, batch-mode utility classes, and a built-in 2D visualization capability. For agent
representations, Repast J has no explicit agent class, but it does offer adaptive behavioral tools.

For our purposes, we used a subset of the Repast J classes:
- SimModellmpl: This is a partial implementation of the SimModel interface, through

which Repast drives the simulation. Each Repast simulation must provide a SimModel
subclass.
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- Schedule: This serves as a discrete-event scheduler. The simulation can specify the order
in which events (or “actions”) are executed.

- BasicAction: All simulation events inherit this interface class in order to be stored and
executed by the scheduler.

- SimlInit: This class is responsible for loading and executing the model, with optional GUI
controls or batch mode operation.

- DistributedSimlInit: This experimental stand-in for SimlInit uses ProActive to distribute
batch runs of the model across a given set of hosts.

- Random: This class encapsulates CERN’s Colt random number utilities. An instance of
this is placed in SimModellmpl, and the seed can be either generated from a timestamp or
explicitly specified for reproducibility.

Both versions of Repast feature a scheduler that supports concurrent actions, simply by
specifying a non-zero duration argument. But there are no constructs to support a distributed
simulation, only distributed batch runs. The Parameter Wizard makes it easy to specify
parameter sweeps for batch runs. It produces a parameter file, which can be passed in on the
command line arguments to the SimlInit class. SimInit will run the model in batch — but in serial
fashion, not simultaneously.

To perform simultaneous distributed batch runs, Repast-J provides an undocumented
mechanism that utilizes ProActive. DistributedSimlInit establishes the virtual nodes from the
ProActive descriptor and creates RemoteBatchController instances on each virtual node. The
HomeController class tells the group of RemoteBatchControllers which model to instantiate and
run; it also hands them the parameters to use for that run. We’ve noted how to run simultaneous
batch runs in Appendix B: Simultaneous Multi-Host Batch Runs In Repast J.

Repast S

Currently in the alpha stage of development, Repast Simphony is a complete redesign of
the Repast toolkit. As described by North and Macal (2007), “the Repast S runtime is designed
to include advanced features for agent storage, display and behavioral activation, as well as new
facilities for data analysis and presentation.”

Repast S makes use of configuration files (model.score and scenario.xml) to specify the
roles of the classes in a simulation model. As stated in its preliminary documentation, the central
class is the Context, which organizes the agents, denotes the relationships of its members
(through “projections”) and holds numerical data in data layers. There is also the
ContextBuilder, which does the work of storing information in the Context. The configuration
files identifies the ContextBuilder, the agent classes, and which Context to use.

Of the toolkits reviewed, we encountered the most platform-related issues when working
with Repast Simphony and Eclipse, the development environment to which Simphony is tied.
The case of the file names, ISO encoding of data files, and use of Java annotations (e.g.
@override) created compile and run-time issues on Linux systems. Also, Simphony binds us to
a specific Java version; on Fedora Core 5, SELinux inhibits the use of Sun’s Java. Most
importantly, though, is the different packaging used for the platform-independent distribution of
Repast Simphony versus Windows, which uses the intrinsic Eclipse packaging system. Luckily,
we found workarounds to these issues to allow us to continue research.
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When integrating the ProActive toolkit into our Repast Simphony simulation, we
experienced interference from the Repast Simphony runtime environment — something that we
didn’t encounter with Repast J. First, in order to allow third party JAR files to be used, we had
to place them within the directory containing the repast.simphony.core package, and we had to
explicitly add the names of the JAR files to that package’s manifest and build properties. (With
Repast J, it was sufficient to include the JARs in the ProActive descriptor’s class path variable.)
Second, when we configured the simulation to spawn separate processes with their own JVMs
from within the simulation, any serialized application-level class that is passed to these processes
results in an exception. The spawned Repast S process cannot resolve the temporary ProActive
“stub” class. (The Repast J spawned processes had no problems with class resolution.) Finally,
we could not locate the means for activating code upon simulation end. This is required in order
to properly clean up the ProActive processes. While the Modellnitializer interface provides a
“hook™ that is activated upon startup, no such “hook” exists for shutdown — even overriding
Object.finalize() did not work.

We also attempted to investigate the batch run capability of Repast Simphony on a Linux
environment. But, following the instructions provided in the Alpha release, we were
unsuccessful. Again, we anticipate that the next release will hopefully address these issues.

ProActive

As described by Baude et al. (2006), ProActive is “a Java-based middleware
(programming model and environment) for object and component oriented parallel, mobile and
distributed computing.” It provides a minimally intrusive interface to managing distributed
object instances. Consequently, it does not have any built-in simulation architecture or
visualization capabilities, which makes it an ideal supplementary package to Repast.

To distribute an object, the application uses a ProActive method to turn it into an “active
object” which can then be placed on a specified host, or “virtual node”. The application interacts
with the object through the normal method calls, as long as the arguments to the methods can be
serialized. Return values from objects cannot be immediately accessed, since they are only
proxies to the value. The application can check whether the proxy’s value has arrived prior to
accessing it.

The main configuration file for ProActive applications is called the Descriptor (or PAD),
because it describes which machines are available and how many JVMs to run on each. It also
describes the class path for the spawned processes. The file is not quite platform independent;
on Windows machines, none of the specified paths should contain any spaces.

To support load balancing, ProActive provides the means to migrate active objects
between virtual nodes. There is a fair amount of overhead to each active object, however. For
large-scale simulations that need to migrate agents, an alternative is to make the agent
serializable instead of an active object. Then the agent can be passed between virtual nodes
using regular method invocations.

Running a ProActive-enabled application requires the use of extensive scripts that
configure environment variables, add many JAR files to the class path, and JVM command-line
arguments. Consequently, debugging a ProActive application within an IDE (such as NetBeans
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or Eclipse) is difficult because all these run-time parameters must be reproduced. We have yet to
be successful in using a debugger with ProActive.

Both distributions of Repast come with ProActive file. However, this version is not
current. In the case of Repast-J, which includes ProActive classes within its JAR file, this causes
problems on Linux with NetBeans: when specifying the JAR files in the Libraries section of
NetBeans, ProActive.jar must appear above repast.jar in order to use the more recent version.

FINDINGS

From the set of toolkits reviewed, we have found two potential paths of progression for
an ABMS, as illustrated in Figure 1. The “current” path reflects what is possible with the current
state of the toolkits; it is a complete progression from prototype to a large-scale distributed
simulation. The “future” path is based on promised capabilities from the Repast Simphony
development team.

Current Path

NetLogo | Jle\l/\lfznl;lgllrt - »| Repast] [—p| ProActive

Prototype
Distributed

Future Path

NetLogo —| RelLogo || RepastS |—p{ ProActive

Figure 1 ABMS Development Progression Paths.
Current Path

Using the toolkits in their current state, we have had success with the following
progression of development:

Stage I: Prototype in NetLogo

Stage II: Pure Java

Stage I1I: Repast J simulation

Stage IV: Distribute simulation via ProActive

The next few sections discuss the transition between these states.

Stage | to Stage Il
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Going from NetLogo script to Java code is currently a manual process. Initially, this
process can start by using Java extensions from within the NetLogo script for key components of
the simulation’s business logic. But to go completely to Java, the NetLogo representations of
turtles and patches require a Java counterpart, along with the visualization and event loop. The
turtle classes will require movement methods, and both the turtles and patches will need
NetLogo-like query operations. It turns out that the turtle classes become the simulation’s agent
classes.

It is debatable whether it is necessary to put the simulation into an intermediate pure Java
form, or whether to go directly to using the Repast J classes. It is easier to debug the
simulation’s logic when in pure Java. However, the port will produce temporary classes that end
up being replaced by their Repast J counterparts (e.g. schedule, visuals, and terrain). Working
directly in Repast will prevent redundant work.

Once the port is complete, the NetLogo prototype can still be developed, as long as the
changes are tracked and reproduced on the Java side. But at some point, modifications must stop
flowing down.

Stage Il to Stage Il

Adapting a Java simulation to the Repast-J framework is relatively straightforward
because the requirements are minimal:

- Provide a subclass of SimModellmpl with the begin() and setup() methods overridden
- Schedule events using the Schedule and BasicAction classes
- Fire a stop event when the simulation has finished

Repast J does not have an agent interface class, so there are no restrictions on the agent
representation.

With regards to visualization, the simulation could use the 2-D visuals provided by
Repast J. In order for agents to be rendered, the agent class must implement the Drawable
interface. Also, the SimModellmpl subclass must create some representation of the model space
(e.g. Object2DTorus), a DisplaySurface and an Object2DDisplay. Alternatively, the simulation
could use a third-party visualization toolkit, such as Java3D. We chose to use Java3D because
there are certain advantages to having the viewpoint at the agent level (e.g. obscuration of field
of view affecting agent logic).

Another reason to use a separate visual toolkit is to prepare the simulation for a
distributed, batch run. The results can be logged to data files and replayed through the visuals.
If there’s a need to see the visuals during the simulation run, then a communication link can be
established between the Repast process(es) and the visual process. But this will introduce a
performance penalty.

Stage Il to Stage IV

Going to a distributed framework is the most difficult transition to make because of the
impact on the simulation’s architecture. The simulation engineer must determine how to
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partition the execution across different machines while keeping the amount of network traffic to
a minimum. The initial impulse is to make the agents themselves become separate processes; but
if the agents require constant communication with its neighbors, the overhead of the supporting
network communications will outweigh any benefit to be had by distributing the simulation.

Instead, we recommend that the engineer work at a larger level, deciding how to carve
out large pieces of the simulation that can operate nearly independently, which we’ll call a
“domain.” Each domain will be responsible for managing all agents within an area — in the same
process. To address the boundary condition problem - e.g., when an agent travels between
domains — we can learn from parallel battlefield simulations and define the domains
geographically (Nicol 1988). Each domain should also write its results to a uniquely named log
file. When running on a cluster environment, we recommend writing to a file on the local file
system. Otherwise, the cost of writing to a NFS-mounted drive negates the performance benefits
of distributed processing.

Since the SimModellmpl subclass cannot be serialized and passed to the domains,
another class is required to act as a coordination object. Domains would send any needed run-
time statistics to the coordination object (in addition to logging data locally); however, this
should be kept to a minimum because it is a major performance bottleneck. Domains can also
notify the coordination object when they’ve finished, which can signal Repast J that the run has
ended.

When the simulation begins, the following should occur within the SimModellmpl
subclass’s begin() method:

- Read in the PAD file
- Activate the virtual nodes
- Create the domains as a ProActive group, using the list of available virtual nodes
- Create the coordination object as an active object and pass it to the domains
- Schedule an action whose execute() method performs the following:
o Check with the coordination object to see whether the domains have finished, and
if so, fire a stop event
o Display statistics (if enabled)
o Update the domains
o Schedule another action

Once the simulation ends - either because the domains indicated that they have finished,
or because the user presses the stop button - a stop event will be triggered. The SimModellmpl
subclass needs to handle this event by cleaning up the ProActive active objects and killing all the
JVMs on the virtual nodes.

After the simulation has been outfitted with ProActive, it must be tested to make sure the
functionality has been preserved. We recommend using the following progression of PAD files:

- One virtual node that is using the same JVM as the Repast application

- Multiple virtual nodes that are using different JVMs but on the same host as the Repast
application

- Multiple virtual nodes, each on a different host
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The final step is adding the ability to perform simultaneous batch runs using Repast J and
ProActive. For details on how to accomplish this, see Appendix B: Simultaneous Multi-Host
Batch Runs In Repast J.

Future Path

Based on the limited information we’ve heard about the next release of Repast Simphony,
we anticipate that the following progression will be possible:

Stage I: Prototype in NetLogo

Stage II: ReLogo

Stage I1I: Repast Simphony simulation

Stage IV: Distribute simulation via ProActive

The next few sections explain the transitions between these states.
Stage I through Stage Ill

Our speculation is that Repast Simphony will be packaged with a utility dubbed
“ReLogo”, which will parse NetLogo script and turn it into Repast Simphony Java code. This
will make obsolete the manual process of converting NetLogo to Java from the “current” path.
The anticipated release of ReLogo is November 2007.

Stage lll to Stage IV

As in the “current” path, the process of outfitting a Repast simulation with ProActive
constructs is still performed manually. The intent was to demonstrate at summer’s end the
ability to run a Repast Simphony simulation in a distributed fashion. However, we were unable
to successfully invoke methods on active objects that reside in a separate JVM (either on the
local host or a remote host).

The test application we used is a modified version of ProActive’s n-body simulation. We
added the minimum constructs necessary to convert it to a Repast S simulation. For detailed
steps on this procedure, see Appendix C: Repast Simphony — ProActive Integration Notes.

NEXT STEP

While we are content with using the “current” path as a template for our ABMS work, we
look forward to the streamlined process featured in the “future” path. We hope to see the
ReLogo mechanism in the next release of Repast Simphony, and we hope to solve the issues
preventing ProActive from reaching its full potential in Repast S.

We wish to explore other ideas to reduce the work involved. Since the use of ProActive
centers on properly configured descriptor files, we would like to construct a tool to compose and
generate PAD files. Another improvement would be to write a better parameter sweep
mechanism in Repast that would vary parameters while running on different groups of hosts; this



109

would require removing the group name as a parameter and providing it through some other
means of input. This custom parameter sweep could also support varying multiple parameters
per run, going beyond what is provided in Repast. We are also seeking ways to incorporate
ProActive constructs in a semi-automatic fashion, perhaps as custom hooks within the ReLogo
conversion process.

REFERENCES

Baude F., L. Baduel, D. Caromel, A. Contes, F. Huet, M. Morel and R. Quilici, 2006,
“Programming, Composing, Deploying for the Grid”, GRID COMPUTING: Software
Environments and Tools, pp. 205-229, London, England: Springer-Verlag.

Buyya, R., 1999, High Performance Cluster Computing, Volume 1, Architectures and Systems,
NJ: Prentice Hall.

Colella, V. S., E. Klopfer, M. Resnick, 2001, Adventures in Modeling: Exploring Complex
Dynamic Systems with StarLogo, New York, NY: Teachers College Press.

Fujimoto, R.M., 2000, Parallel and Distributed Simulation Systems, New York, NY: Wiley And
Sons

Gasser, L. and K. Kakugawa, 2002, MACE3J: Fast Flexible Distributed Simulation of Large,
Large-Grain Multi-Agent Systems, The First International Joint Conference on
Autonomous Agent and Multiagent Systems, Vol. I, pp. 745-752, New York, NY: ACM
Press.

Lin, Y., 1994, Parallel independent replicated simulation on a network of workstations,
Proceedings of the Eighth Workshop on Parallel and Distributed Simulation, pp. 73-80,
New York, NY: ACM Press.

Minar, N., R. Burkhart, C. Langton, and M. Askenazi, 1996, The Swarm Simulation System: A
Toolkit for Building Multi-Agent Simulations, Working Paper 96-06-042, Santa Fe, NM:
Santa Fe Institute.

North, M. and C. Macal, 2007, Managing Business Complexity: Discovering Strategic Solutions
with Agent-Based Modeling and Simulation, New York, NY: Oxford University Press.

North, M.J., N.T. Collier, and J.R. Vos, 2006, "Experiences Creating Three Implementations of
the Repast Agent Modeling Toolkit," ACM Transactions on Modeling and Computer
Simulation, Vol. 16, Issue 1, pp. 1-25, New York, NY: ACM Press.

Nicol, D.M., 1988, Mapping a battlefield simulation onto message-passing parallel architectures,
Distributed Simulation, pp. 141-146, San Diego, CA: Society for Computer Simualtion
International.

Wilensky, U., 1999, NetLogo, Evanston, IL: Center for Connected Learning and Computer-
Based Modeling, Northwestern University.



110

Wilensky, u., 2002, NetLogo Mousetraps model,
http://ccl.northwestern.edu/netlogo/models/Mousetraps, Evanston, IL: Center for
Connected Learning and Computer-Based Modeling, Northwestern University.

Zhang, T., G. Theodoropoulos, R. Minson, S. Turner, W. Cai, X. Yong, and B. Logan, 2005,
Grid-aware large scale distributed simulation of agent-based systems, European Simulator
Interoperability Workshop (Euro-SIW) paper 05SE-SIW-047, Toulouse, France.

APPENDIX A: DEMO MODEL COMPARISON

The comparison of various demonstration models distributed with the toolkits can be
found in this appendix. These examples supplement the discussion of the toolkits found in the
Product Review section.

NetLogo MouseTrap

One model that comes with three of the toolkits is the MouseTrap simulation, which
originally came from the Swarm toolkit (Minar et al. 1996). The version for NetLogo (Wilensky
2002) is simply represented by three functions:

- setup: resets the traps (i.e. the patches) and the balls (i.e. the turtles)
- go: controls the triggering of the traps and introduction of new balls
- move: move the ball in a random direction up to a specified maximum distance

Repast J MouseTrap
The Repast-J representation of MouseTrap takes the form of three classes:

- MouseTrapModel: a subclass of SimModellmpl. This class manages the simulation,
houses the simulation space and display, and tracks the current number of active balls.
The begin() method constructs the model out of MouseTrap classes. During the run, its
scheduleTrigger() method schedules a TriggerAction for each trap that fires.

- MouseTrap: the representation of the “agent”. The trigger() method randomly chooses
which neighboring traps are triggered by the balls launched by the trap, passing them to
the model’s scheduleTrigger() method.

- TriggerAction: a subclass of BasicAction, this holds a reference to a MouseTrap instance.
The execute() method triggers the trap and updates the display.

Repast S MouseTrap
The Repast S representation of MouseTrap includes the following core classes:

- MouseTrap: This is the agent representation, as designated in the model.score file. Its
trigger() method is similar to the Repast J version.
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MouseTrapsCreator: This is the ContextBuilder for the demo and is designated as such in
the model.score and scenario.xml files. It creates a grid projection for the context and
fills it with MouseTrap agents. It also adds a data layer to the grid projection.
Traplnitializer: This Modellnitializer subclass triggers the first trap. The scenario.xml
file identifies this as the model’s initializing class.

TrapTrigger: Implementing the IAction interface, this class is similar to the
TriggerAction class in the Repast J version.

ProActive n-Body

Unfortunately, there was no MouseTrap simulation that came with ProActive. Instead,

we’ll use an n-body simulation to demonstrate how a ProActive ABMS is structured. Below is a
description of the main classes used in the n-body simulation:

Domain: This class manages each Planet in the simulation, calculating the forces exerted
on it by its neighbors. It relies on distributing the resulting sum to all other Domains (and
their planets). It then notifies the Displayer to update the planet’s position. This is one of
the “active objects” in the simulation.

Start: This class reads the PAD file and activates the virtual nodes, then creates the
Displayer, the Planets and their Domains. It launches the Domain processes on the
virtual nodes, using the ProActive group construct. When the Domains finish the
specified number of iterations, they notify this class.

Displayer: Acting as a wrapper for the planetary display, this class is handed to each
Domain by the Start class. Like the Domain, this is also an active object.

Planet: This is the “agent” of the n-body simulation, and has several physical properties
to regulate its motion.

APPENDIX B: SIMULTANEOUS MULTI-HOST BATCH RUNS IN REPAST J

This appendix discusses how to utilize Repast J and ProActive to perform simultaneous

batch runs. The main difficulty is to prevent each run (which itself uses multiple hosts) from
executing on remote hosts that are currently executing other runs. To accomplish this, the
DistributedSimlnit class can be used in combination with a special parameter sweep:

1.

Make multiple virtualNode mappings in the XML file:

“remote’’: these are the nodes that will have the SimModellmpl subclass

“WorkersN”: these are the groups of nodes that will perform the work; N is the number of
nodes in the “remote” group

Add a property: vnMapping; this will indicate which virtual node mapping for the model
to use for its workers

Define a property sweep file where the inner-most sweep is the vaMapping property;
have it cycle through the different WorkersN values.

In the model’s main() method, have it instantiate a DistributedSimInit class. Call its
open() method giving it the PAD filename, the model class name, and the sweep file.
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Since vnMapping is a parameter that is being swept, and since the sweeping mechanism
only varies one parameter per run, the same parameters will be run across all workers sets, which
limits its usefulness. However, each run will use a different random seed, though — based on
time.

HomeController creates a persistent DataWriter, but does not specify its file name. After
all the batch runs occur, it tells DataWriter to write the current time at the end of the file; since
the filename is null, the exception occurs. To work around this, create a DataRecorder in the
model’s begin() method. This will automatically set the filename of DataWriter, so when the
batch runs finish, no exception will be thrown, and everything is cleaned up properly.

APPENDIX C: REPAST SIMPHONY - PROACTIVE INTEGRATION NOTES

The following notes reflect the steps needed to incorporate Repast Simphony and ProActive into
an ABMS. They are geared towards a Windows environment.

- Repast S (and Eclipse) must be stored in a path that does not have spaces in it. For
example: c:/program files/RepastS will cause problems with ProActive, but
c:/projects/RepastS is fine.

- Create a new project in Eclipse according to the write-up

- In the model.score file, point the Base Path at ../../repast workspace/PROJECT DIR
- Add attributes only to the model.score file; nothing else is required by RepastS

- Have the main model file inherit ContextBuilder, and provide a build() method

- To the project, add external libraries for ProActive:
o Right-click on the project and choose Build Path->Add External Archives...
o Browse to the ProActive directory and add the following:
* ProActive.jar
= ic2d.jar
o Repeat and browse to ProActive/lib and add the following:
= xerceslmpl.jar
= Dbouncycastle.jar
= javassist.jar
= jsch.jar
* Jlogdj.jar
o Repeat and browse to ProActive/lib/components and add the following:
= fractal jar
o Copy these ProActive JARs to RepastS/repast.simphony/repast.simphony.core/lib

o Add fractaljar, xerceslmpljar and bouncycastle.jar to the RepastS runtime
component
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In Eclipse, locate the repast.simphony.core project and open the MANIFEST.MF
file
Of the various tabs for the manifest, choose Runtime
In the Classpath section, click New... then enter lib/your lib.jar and click OK.
NOTE: This will add it automatically to the MANIFEST.MF file as well as the
build.properties file
In Eclipse, open the plugin_jpf.xml file in the repast.simphony.core project
At the end of the <runtime> section, add a line for your JAR file, e.g.:

= <library id="your lib" path="lib/your lib.jar" type="code" />

- Add a PROJECT.launch file to your project

o
O
O
O

©)

©)

Click on the pull-down menu for the Run button and choose Run...
Select the "SimpleHappy" run configuration and click the Duplicate button
Rename it to your project
On the Arguments tab:
= Set the Program Arguments to "../../repast workspace/nbody/scenario.rs"
(without the quotes)
= Set the VM Arguments to "-
Djava.security.policy=file:c:/projects/proactive/scripts/proactive.java.polic
y" (without the quotes)
= [Note: adding -
Dlog4j.configuration=file:c:/projects/proactive/scripts/proactive-log4j
actually prevents the log from appearing in the console]
On the Common tab, click the Browse button next to "Shared File" and choose
your project
Click the Apply button, then Close

This will allow you to run the simulation with a single virtual node running on the local JVM.
When the active objects are placed in a different JVM, the active objects are created without
problems. But when an active object is passed from the main process to the other process,
ProActive throws a ClassNotFound exception. The error still appears even when the application
classes are explicitly added to the classpath section of the PAD file.
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ADAPTIVE SIMULATION: A COMPOSABLE AGENT TOOLKIT FOR WAR GAME
ADJUDICATION

D. DUONG, * US Office of the Secretary of Defense

ABSTRACT

The Office of the Secretary of Defense/Program Analysis and Evaluation
Simulation Analysis Center is exploring war games and war game adjudicators, to
improve its ability to analyze irregular warfare. Adaptive simulation is a
suggested technique of composing simulations of cause and synchronizing them
through connections found in correlational studies. This toolkit of composable
simulations will be a hybrid of agent based models and fuzzy rules, that may be
used to adjudicate war games or play them without humans in the loop (HITL). It
may be used in an adaptive, quick turnaround modeling process in which models
are quickly assembled upon HITL moves that can adjudicate moves based on a
consensus of social theories.

Keywords: Agent Toolkit, Agent Based Simulation, War game, Constraint Satisfaction,
Social Simulation, Computer Adjudication, Irregular Warfare, Fuzzy Systems

INTRODUCTION

The factor that is most significant to the type of computer analysis used on a war game is the
factor of how adjudication is performed. If the all of the moves of the game are expressed in the
computer, and the computer adjudicates all of the moves, then the computer may be able to play
the game on par or superior to human players using game trees. Such a game can be entirely
automated and analyzed by computer, and needs no human play. On the other hand, if humans
adjudicate, or the computer adjudications are ignored because of “psychological” moves that are
not adjudicated by computer, then the computer can learn from the moves of the humans in the
loop (HITL), but statistically significant analysis is more difficult to obtain. The X-game, the
extended game played by in the office of the secretary of defense to test irregular warfare
strategies in the global war on terror (Dunlap 2007), is more of the later case. This paper
presents a methodology for using computer technology to make the X-game more like the former
kind of game, thereby bringing it into the horizon of analysis

In a war game, someone or something has to make an educated guess on how groups of persons
will behave in situations. Subject matter experts (SMEs) would use heuristics on classes of
persons to make generalizations. SMEs are not able to walk out the individual choices that
humans would make to the degree that a computer could, but are more flexible in interpreting
the meanings of events and applying heuristics in context. A better computational ability to draw

* Corresponding author address: Deborah Duong, OSD/PA&E SAC1401 Wilson Blvd., Suite 300, Arlington,
VA22209. email: Debbie.duong.ctr@osd.mil
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a picture of the social environment by walking through the implications of social actions would
enable a full automation of analysis, without the need for HITL. Full automation would allow a
complete statistical analysis of the robustness of strategies, as well as support the discovery of
new strategies through data farming and data mining the results. Short of improved technology,
duel analysis can be done, on both human and computer adjudicated games.

Advantages that Computer Adjudication has over SME Adjudication

Besides the obvious advantage of saving human resources, being around when SMEs may not be
able to, and achieving a statistically significant number of runs, computer simulation can do a
number of things that SMEs find difficult. Agent based computer simulation gives the same
advantage that war gaming itself gives to analysis: the ability to walk problems through. A SME
will tend to use heuristics to generalize about the attitudes of citizens, rather than walk through
their individual reasons, choices, and actions. Agent based simulations allow individual
behaviors to be walked through, so that the higher order effects of those behaviors are calculated.
Macro effects of micro actions are the forte of agent based simulation.

It has been said that we only have a tactical understanding of irregular warfare, making the
macro effects of micro actions the central mystery of irregular warfare science. Studies have
shown that SMEs have great difficulty in predicting how populations will react to events. This is
because social science does not have good theories of micro macro integration. Agent based
simulation can help develop theories of how micro actions effect macro level social phenomena
in irregular warfare scenarios. If there is no reliable way to connect the micro actions of warfare
to macro social attitudes, then walking out the micro actions of irregular warfare in the X-game
becomes of questionable use.

Many adjudications of the X-game could have been more accurate and less frustrating if agent
based simulation was used instead of a spreadsheet adjudicator. For example, participants could
not adjudicate comprehensive effects across national boundaries well, and international effects
were the purpose of including very many nations in the game.  X-game participants divided
their assignments into individual countries without sufficient crosstalk, because complexity at
that level is hard for individuals to think about, and takes computer simulation to think out. The
spreadsheet adjudicator did not compute higher order effects, and as a result, the macro effects of
micro actions were not computed. For example, instead of computing out the effect of a terrorist
action on the value of currency, the spreadsheet adjudicator asked X-game participants to figure
this out. Being asked so many questions about the macro effects of micro actions that they did
not know the answer to was a frustrating waste of gamer’s time.

Further, participants had difficulty walking through information operations (IO) incidents. This
bothered them, because they felt that IO and the politicized environment, as well as how it
contributes to intelligence gathering, is essential to irregular warfare. Rather than walk through
the social dynamics of 10, they would use heuristics to adjudicate how a population would react.
The heuristics the SMEs used tended not to include details about how a population’s mind could
be changed, which was really the point of the game, and the source of frustration for players who
tried to improve their public support levels. X-game participants thought it was useless to walk
through individual 1O scenarios when they did not know how to aggregate them to the strategic
level. Since “walking through” is the whole point of a war game, an agent based program that
could calculate the strategic effects of micro IO outcomes would encourage participants to walk
through the events that are the most relevant to the problem of irregular warfare.
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An agent based simulation that walks through the effects of micro level actions on the macro
level economy would be a low risk replacement for the linear adjudicator of the first run of the
X-game. It would surpass its algorithms with only a small amount of work, and would continue
to improve and grow as more social phenomena is simulated.

Advantages that SME Adjudication has over Computer Adjudication

Xgame participants felt that the computer adjudication results were so separated from the verbal
game that they tended to be ignored by players, and not looked at to trigger events. They were
simply scorecards, and poor ones at that, that did not adequately reflect the verbal game. This
separation has more to do with computer adjudication in general rather than the particular linear
computer adjudicator of the first run of the X-game. Computer simulations are not good at
addressing human contexts. For example, X-game participants asked a contractor to put “a
kidnapping" in a simulation. But, the result of that kidnapping was not believable, because how a
population reacts to any event depends on the context, which they could not put in the
simulation. The world is too complex to put all possible contexts into simulations before the
particular details about a scenario are known. If basic processes of the model do not address the
cruxt of a situation, and if the important factors are not even entered into a model, then the result
is not valid.

An approach to dealing with the problem of context is quick turnaround agent based modeling.
That is, to have data and many relevant models and modeling practices ready at the beginning of
the study, and to write important parts of the model after the scenario is known, with the help of
an agent based simulation toolkit. There are some 200 computational social models in academia,
along with papers that describe them. Ideas from them that reflect social theories relevant to the
scenario may be put into an agent based simulation during the preparation phase of a war game.
Since the X-game had week long turns for extended study of actions, some of this time in the
game can be spent in putting the context of new actions that modelers did not think of in advance
into the agent based model. Quick turnaround agent modeling will allow creative moves to be
put into the computer adjudication, and will be available for more excursions in the post-game
analysis phase. Models will be available for future use, even if that use is just the borrowing of
design patterns, so that the turnaround time will be quicker as the toolkit grows.

A Toolkit of Composable Modules for Quick Turnaround Adjudication

The social world is so complex that we can not build a general model of it that will be valid in
every situation at the present state of social science. This complexity, in the context of irregular
warfare, makes the quick turnaround approach less risky in terms of verification, validation, and
accreditation (VV&A) than the traditional approach of using a previously VV&A-ed model and
only changing the data. The model must also be modified to the particular situation.

Composable models also enable the switching in and out of social theories. With composable
modules, the modeling phase would mostly consist of combining models or sub-classed models
together according to research done on the scenario. If the models come in modules that roughly
correspond to different social theories, then relevant sides of issues related to the scenario may
be assembled together into plausible alternative social environments to branch on. Both sides of
controversial issues would be represented. This is an important capability, as the US government
can not test strategies against only one social environment when social scientists have not come



120

to a consensus on what that environment is. Since the point of the game is to test the robustness
of strategies, they should be tested against possible social environments as well as against
possible enemy responses.

Agent based simulation should be used for this toolkit, not only because it can handle the micr-
macro integration problems of irregular warfare better than SMEs can, but also because it is
suited for recombination into new contexts. Agent based simulation is the most valid technique
for quick turnaround causal modeling because it models with first principles, while other forms
of adjudication tend to just model with correlated relations that do not apply outside of a
particular context. When first principles or the root causes of phenomena are modeled rather than
the appearance of phenomena, then a simulation becomes valid in new situations, and validity in
new situations is an important requirement for a quick turnaround modeling toolkit. For
example, X-game participants had difficulty with one of their computer models that simulated a
“gravity point”: a type of social homeostasis or healing, where the simulation goes back to the
original state after a perturbation. However, because the model simulated the appearance of the
homeostasis rather than the cause of the homeostasis, it occurred in every situation, even in
situations where the point of the game was to find ways to prevent healing. If phenomena is
simulated by assuming it is always true, then it can’t be valid for exploring when it isn’t true. In
contrast, a good agent based simulation uses first principles and has fewer assumptions. Most
phenomena in an agent based simulation is emergent from those few assumptions. Thus, agent
based simulation is a technique that allows basic assumptions to be walked through in new
contexts.

Combining Correlational Relations with Causal Models

In the first X-game, spreadsheets were used for computer adjudication because the agent based
simulation was not ready. X-game participants put relations such as from the Fund for Peace’s
failed states index (Fund for Peace et al, 2007) into adjudication spreadsheets, combined with a
random number generator to recognize that the relations were not always true. To put many
relations from SME:s into a simulation so that they make sense together, modelers should no treat
them as hard assumptions, as is done when relations are put into spreadsheet adjudicators.
Modelers must take care to limit the number of assumptions in a simulation, and to understand
the difference between correlational and causal models of social science, and how to apply both
kinds of models to a simulation. Social science has thousands of studies of how one
phenomenon correlates with another phenomenon. However, correlational relations can not be
put into the assumptions of a simulation because they do not explain cause, and do not address
why they are sometimes true and sometimes not. If they are put in as hard constraints, the model
will not be able to explore anything outside of those relations, and the fact that the correlation
coefficient is typically quite low in correlational studies of social phenomena makes it unrealistic
to assume that many of them would be true at the same time. Moreover, correlational studies can
not drive simulations : only causal models can do that.

Rather, correlational studies should be implemented as requirements to models of cause, or soft
constraints on an answer that is determined by causal models. Observed correlations can and
should be requirements for the higher order effects that result from theoretically based causes.
Figure 1 illustrates composed causal models that are constrained in their outcome at designated
points of correlation with events in other causal models.
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FIGURE 1 Correlational studies as soft constraints on models of cause, in a composition of
models

A toolkit of composable models would cover both larger basic social theories of cause and
smaller, more correlational studies. Causal theories would be expressed in simulation modules,
while correlational studies would provide data upon which a designation of correlation between
modules, or between modules and data, may be based. Designated correlations will place soft
constraints on the consensus formed between sets of correlated modules at the places designated
as correlated. Simulation modules would be synchronized at these places of correlation, so that
they create a single picture of the social environment.

Fuzzy Rules to Implement Correlational Relations

Fuzzy rules are better implementations of soft constraining relations on simulation modules than
spreadsheets are. Fuzzy rules work well with rich ontologies as distance metrics for simulation
events. According to Weisel and Moya (2007), in order to be composed together, simulation
events in different simulations must be related and described by a distance metric. Fuzzy rules
can be used to decide whether a simulation event has come close enough to be designated as
correlated with an event in another model, so that these models may be synchronized.

Fuzzy distance metrics can also represent gradient for use in data mining techniques and
database retrieval of close cases, as is needed for case based reasoning. Fuzzy rules learned from
HITL moves by data mining techniques such as the Center for Army Analysis® ACTOR program
(O’Brian, 2003), can be added to hand-designed fuzzy rules from correlational studies, and put
back into the composed model as soft constraints for post game runs without HITL. This would
be useful for scaling, for example, to derive rules from war games of a few factions, and then test
them on a more realistic simulation of 300 factions.

Adjudication rules in the form of fuzzy rules reflect the qualitative nature of social phenomena.
As a method of soft computation, they are robust with respect to data, using the kind of verbal
approximations that SMEs make. In a fuzzy system it does not matter if much of the data is
approximate. Additionally, fuzzy systems can handle rules that contradict themselves, such as
different SMEs or different correlational studies might make. Conflicting rules can just be added
together.
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Fuzzy cognitive maps can implement soft constraints leading modules to a consensus of the
separate simulation models using constraint satisfaction methods. They can also implement the
relations and feedback of systems dynamics models, another type of non-causal macro level
model that can be used to put requirements on agent based simulations. With fuzzy rules, a quick
turnaround toolkit can incorporate relations from spreadsheet and systems dynamics models,
including feedback relations, into compositions of agent models.

Composing Simulation Models

The various simulations of major social theories, along with the designated points of correlation
from correlational studies, will come to a consensus on a picture of the social environment, even
though they may contradict each other. The phenomena in the different simulations will be made
to correlate with each other at the correlation coefficients of published studies as much as
possible. Individual simulations will have to adjust their states to the consensus state, and
continue simulating from the point of consensus. This may involve iterative re-computations of
simulation time until consensus is reached. Different simulations may be weighted differently in
weighted voting schemes Since this is a constraint satisfaction problem, feedback such as in
constraint satisfaction neural networks and fuzzy cognitive maps can help decide the consensus
state. The National Science Foundation’s Dynamic Data Driven Application System (DDDAS)
program has developed techniques for feedback between data and simulations can also help.

The toolkit for composable models would have some qualities of a federation of independent
models, and some qualities of a library of modules that need sub-classing in order to be
instantiated to particular problems. As in federation composablity, modules would be viable
without each other, for example, a model might use a draw from a distribution for phenomena it
does not simulate, or if there is a designated correlation point it might use a draw that has been
made to correlate with a draw from another simulation, or it might even replace the draw with an
event from a trusted deterministic simulation. Since social phenomena are dependent on each
other in the mathematical sense, theories can not switch in and out through neatly defined
interfaces, as one might expect from a library. Figure 2 illustrates this point. Rather, there is
functional overlap between theories, with different overlap depending on the theory. The same
events, or correlated phenomena, in different simulations can be made to match up,
synchronizing the simulations into one picture of the social environment at the designated points
of correlation. Even replicated simulations, which are simulations of the same theories
implemented differently, can benefit from coming to consensus through designated points of
correlation, because artifacts of their implementation would be weeded out.
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FIGURE 2 The modules of the toolkit will have functional overlap, on the left, as
opposed to the traditional model of independent modules, on the right. Because social
science theories look at the same phenomena in different ways, modules will be
synchronized at their designated areas of overlap rather than through standardized
interfaces.

Conclusion

Although SMEs have difficulty thinking about the macro effects of tactical moves in war games,
they are still trusted more than computer simulation because they are better at understanding
human contexts. A toolkit for composable models would give us many capabilities, including
the ability to quickly adapt an agent model to the context of a move in the war game and the
ability to switch different models of the social environment in an out. As more of the human
context is put into a simulation, the simulation can replace the HITL game, so that irregular
warfare strategies may be tested for robustness against many more scenarios than is practical for
HITL games.
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INTRODUCING GROWLAB:
A TOOLKIT FOR LAYERED AGENT-BASED MODELING
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ABSTRACT

In this paper we introduce GROWLab (Geographic Research on War Laboratory) — a
software toolbox to facilitate the modeling, simulation, analysis, and validation of
complex social processes, with a special focus on geographic aspects. The paper aims to
give a general, non-technical introduction to agent-based modeling with GROWLab. It
focuses especially on the toolkit’s support for model structure, i.e. the creation of
complex agent configurations and hierarchies. An important feature of GROWLab is that
it makes possible the integration of real-world empirical data collected with a GIS. More
specifically, GROWLab can automatically create model structures from GIS datasets.
This way, it is possible to run a model either on real or artificial geographies without
changing the underlying data structures. We also introduce GROWLab’s GeoModel, a
geopolitical template model which makes different geographic and non-geographic
datasets readily available to the modeler.

Keywords: Simulation toolkits, GIS, conflict process models, agent hierarchies

INTRODUCTION

As agent-based simulations are getting increasingly complex and sophisticated,
simulation toolkits have become indispensable for the social science research community.
Toolkits help the model designer to quickly setup, run and evaluate a model, without having to
write the complete code from scratch. There are various toolkits out there (North et al. 2006;
Parker 2001; Luke et al. 2004; Minar et al. 1996). However, these toolkits aim to be all-purpose
products and try to target the entire broad field of social simulation. There is of course nothing
wrong with creating an all-purpose toolkit. However, the fact that an all-purpose toolkit must
necessarily remain general in order to make it applicable to a wide range of models limits the
functionality offered to a particular subfield.

This paper reports on our efforts to create a simulation toolkit especially tailored to our
requirements in the modeling of geopolitical processes. While developing a series of agent-based
models in this field, we increasingly became aware of the shortcomings of general-purpose
toolkits. We were often in need for agent structures more complex than grid spaces or simple
networks. Also, as many of our models are increasingly relying on geographic data, we required
support for different GIS data formats. Since there were quite a number of requirements common
to all our models, it was natural to create a library including this functionality and in doing so
avoid code redundancy.

* Corresponding author address: Nils B. Weidmann, International Conflict Research, ETH Zurich, 8092 Zurich,
Switzerland; e-mail: weidmann@icr.gess.ethz.ch.
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The result of these efforts is the “Geographic Research on War Laboratory” (GROWLab)
library which supports modeling in the field of geopolitics and conflict research. The features of
this toolkit might be useful to other disciplines as well, especially since it attempts to address
challenges not specific to our area as for example the representation of agent hierarchies, and the
integration of GIS data. In general however, the increased specificity of GROWLab as compared
to other toolkits is likely to be useful to a narrower range of models.

Put very generally, ABM toolkits assist the researcher in three broad tasks: (1) setting up
the model structure, (2) specifying the simulation dynamics and (3) collecting output. Model
structure support is the storage and retrieval of (often different types of) agents and the
representation of their relationships. Whereas model structure is about the static parts of the
model and their relationships, toolkits also support simulation dynamics: What are the actions in
the model, and when are they carried out? Here, the toolkit supports both scheduling within a
single run of the model, but also more advanced executions such as batch runs across different
parameter settings. Finally, toolkits usually provide considerable support when it comes to the
collection of information from the model. Information about the current state of affairs can either
be provided by graphical displays of the model space and dynamics charts, or can be collected as
numerical output in files. This paper introduces GROWLab concepts and features along the three
categories of model structure, simulation dynamics and output collection.

MODEL STRUCTURE

In many agent-based models agents live in a two-dimensional grid world. These
Object2DGrids (in RePast) have two major functions: They store the agents themselves, and they
define relations (such as neighborhood) between agents. Correspondingly, in GROWLab we
introduce two interfaces capturing the two tasks: A layer is any collection of alike agents, and a
topology is a set of relationships between them. In addition, in order to represent hierarchies of
agents, we introduce the configuration interface. The following paragraphs explain layers,
topologies and configurations in detail.

Layer

A layer is a container for a set of alike and atomic agents. Layers offer general
functionality to manage the agents contained in them, but can also be used to collect aggregate
data about the entire population. A layer itself does not know about the neighborhood relations of
its agents — instead, this is achieved by imposing one or more topologies on a layer.

Topology

A topology is always defined on a layer of agents and defines a set of neighborhood
relationships between them. In this sense, a topology is equivalent to a network. Based on the
connectivity between agents, it can compute the neighborhood set of a given agents as well as
their distance from each other.
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Configuration

Whereas topologies can only exist between agents of the same kind, GROWLab offers
the possibility to connect agents of different types to yield agent hierarchies. This is done using
configurations, which typically connect agents from two layers — the parent layer and the child
layer, as we call it in GROWLab. Configurations exist in different forms. The most general one
is the many-to-many configuration, which allows the connection of a parent to many children,
but also of a child to many parents. A more restrictive configuration is the one-to-many type,
relating one parent to many children, but permits at most one parent per child. The one-to-one
configuration adds the final constraint of only allowing exactly one child per parent.

A GROWLab model structure created with these building blocks is automatically kept in
sync: For example, an agent removed from a layer is also removed from the topologies defined
on that layer. Figure 1 illustrates the three core interfaces with a simple example of states and

their provinces.
‘B
@ 2 \ (1)
| \\\(3)
| -
// |
/ (1)

Figure 1: lllustration of the GROWLab
model structure building blocks: (1)
Layers are containers for agents. The
top layer holds two states, and the
bottom layer serves as a container for
province agents. (2) A topology defined
on the state layer keeps track of the
relations between states. (3) A
configuration stores the membership of
provinces in states.

Spaces and Mappings

In order to represent agents in a spatial environment, we distinguish between a space
which is an empty set of locations, and a mapping which takes care of the assignments of agents
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to locations in this space. This flexible design allows us to put agents at more than one position
(e.g. states can occupy more than one province in a grid), or even to use one space for many
different mappings. For example, this is useful when representing the extent of states and ethnic
groups in the same geographic space: Only one space object is required, whose locations are then
linked in two mappings.

GROWLab provides different types of spaces. On the one hand, it supports abstract
spaces such as grids and hexagonal spaces. On the other hand, there is support for spaces with
and explicit geographic reference, for example a GIS rastered space. Here, a location not only
knows its x- and y-coordinates, but also its precise coordinates in latitude/longitude. Moreover,
geographic spaces can compute the geodesic distance between locations.

MODEL EXECUTION
buildModel() and step() methods

Model execution in GROWLab follows closely the procedure introduced by RePast. Each
model essentially needs to implement two methods: buildModel() and step(). The former is
executed when a model run is initialized. Its purpose is typically to create data structures and
agents required for this run. The latter is called at every time tick and contains the simulation
steps to be run repeatedly. An important difference to RePast is the implementation of the
simulation engine. In GROWLab, a simulator object takes care of initializing and running the
model. The advantage of this approach is that one can select a simulator according to one’s
needs: GROWLab offers simulators with different graphical and batch run features.

Parameters

All parameters required for a model must implemented using the parameter classes
offered by GROWLab. More precisely, a parameter is encapsulated in a special class that not
only allows the storage of the parameter’s value but also its name and description. All parameters
are registered when the model is constructed initially such that they can be used both in graphical
and non-graphical runs. Parameter classes exist for all kinds of numeric parameters, booleans,
strings and enumerations.

Batch Runs

As stated above, the simulation toolkit must also provide a facility for automatic
parameter sweeps, i.e. “batch runs” in RePast terminology. By automatically initializing and
running the model for different values of the input parameters, the researcher can collect
statistics about the behavior of the model under varying conditions. Batch runs rely on the set of
parameters as described above. Batch runs can also be performed in parallel to get the results
faster, both on multiprocessors machines and on distributed grid computers.
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MODEL OUTPUT

Separating Visual and Batch Models

We encourage, and enforce to a certain extent, the developer to provide separate
implementations of the model for graphical and non-graphical output. Essentially, apart from the
basic Model interface specifying the buildModel() and step() methods, two extensions define
how visual models and batch models should look like. A visual model will have to implement
the buildUI() method where all graphical elements are set up. A batch model should provide
information about which parameter sweeps are to be executed. Of course, GROWLab simulators
tailored to either visual or batch runs will only be able to run the corresponding model. This
structure makes sure that the behavior of the model — regardless of the desired way of output —
remains the same.

Visualizing Model Structure

Model structure is displayed both as a graphical representation of model structures, like
agents in a space, and a textual output with a detailed list of information about agents. The latter
resembles the “probes” introduced by Swarm and still present in many other toolkits. For each of
the three core concepts layer, topology and configuration introduced above, GROWLab has a set
of predefined dynamic graphical visualizations for the inspection of the model. Layers can be
portrayed by a list of agents and their attributes. Neighborhood relationships of a topology can be
displayed graphically as a network structure, and textually as a paired list of connected partners.
The structure of a configuration can be examined as a tree table. A set of two-dimensional
graphical displays takes care of visualizing spatial layers and the agents contained in them.

Collecting Statistics from the Model

The way to extract statistics from a GROWLab model is done with the help of so-called
“collector” classes. This mechanism is very flexible and can be used both for visual and batch
models. Collectors are standardized data collection facilities storing the data in the format
required for the analysis. For example, in a batch run one will typically use file-based collectors
which simply output the assembled data to a file. For visual simulations, GROWLab offers
collectors which prepare the data for display in a chart. Similarly, we provide a collector
outputting a sequence of image files which can then be assembled to an animation of the
simulation. Collectors are registered in the simulator executing the simulation. It takes care of
activating the collector after each tick or at the end of a run.

Collectors get their data from variables within the model. However, as for the parameters
introduced above, variables are implemented using the wrapper classes offered by GROWLab.
Beyond the storage of a value these classes add meta-information about the variables such as
their name and description. Additionally, variables can also be computed on the fly.
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The GROWLab User Interface

During the development of GROWLab, special emphasis was put on the design of the
graphical user interface. Our general approach is to have a GUI where multiple views on
different aspects of the simulation are closely linked together. At the present stage, the
GROWLab GUI features a set of interconnected views on the simulation, such as spatial views
which display the simulation space, configuration views which allow for agent hierarchies to be
displayed, and process views tracing the actions performed and the results produced in the model
over time. Figure 2 illustrates the GROWLab user interface with the different views. The views
are interconnected in such a way that selecting an agent in one view causes this agent to be
displayed in another view.

“P9 % 10 15 20 35 30 35 40 45 S0 S5 60 65 70 75 60 85 90 65 100 105 110 195 120 135 130 135 140

Figure 2: The different elements of the GROWLab user
interface: The spatial view (top right), the configuration view
(top left), and the process view (bottom). There can be more
than one view per type.

USING GEOGRAPHIC DATA IN GROWLAB MODELS
Using GIS Data for Agent-based Modeling

We can distinguish two ways of how GIS data can be used in modeling applications. The
first category of models takes the geographical input as a realistic landscape where the model
dynamics is then run on. The crucial feature of this approach is that typically the geographic data
remain constant throughout the model run. Examples include the creation of a realistic road
network to run traffic simulations. The second category of simulations is more complex. Here,
the geographic data is not kept constant but rather endogenous to the model. For example, in all
Geosim-like models state borders vary over time. In order to be able to represent these changes,
we need a data format which is able to accommodate time-variance in geographic features.
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The models GROWLab is designed for typically belong to the second category. Whereas
in GIS vector data the degrees of freedom for changes are unlimited, in a raster-based
representation this complexity is significantly reduced. For example, a country represented as a
polygon can be modified by moving the polygon’s corners, or by adding or removing existing
corners. Obviously, the possible alterations are infinite which makes a vector format less well
applicable for simulations with an endogenous geography. On the other hand, we could represent
a country as a (mostly contiguous) set of raster cells. The tradeoff we incur is the lower
resolution and precision, but since the atomic spatial unit — the grid cell — is fixed, changes to the
shape of the country can be represented as a re-assignment of the spatial units to other states.

GIS and GROWLab data structures

GROWLab is able to read GIS data and to create its own data structures from it. The
development of a model with geographic reference typically starts with the definition of a
geographic space — a raster space with geographic reference. All spatial data added to the model
uses this space as a reference.

Raster data to be included in the model has to be provided at the same resolution as
defined in the underlying space. It is then up to the user to tell GROWLab which kind of data
structure it should create from a raster input file. For example, a raster of countries (where cell
values indicate the country a cell belongs to) is best represented as a one-to-many mapping of a
country object to locations in the space, in other words, an assignment of country objects to
locations where each country occupies more than one location. To give another example: When
representing ethnic groups and their location, we use a many-to-many mapping of groups to
locations. Obviously, a group can occupy many locations, but one location can also be shared
among different groups.

The data structures briefly described here enable the researcher to craft an agent-based
model with geographic reference according to one’s needs. However, if only some standard GIS
datasets are required, one can also rely on a readily implemented template model.

GeoModel: A Geopolitical Template Model

Based on the template model GeoModel, geo-coded real-world data can be integrated in
the modeling process. This template can be extended by inheriting the built-in functionality and
by adding some custom behaviors and mechanisms or complement it with additional layers of
data.

GeoModel’s default space is a rasterized representation of the entire globe, using the
WGS84 projection. The raster can be used in two different resolutions: 15 arc-minutes (~30km),
and 30 arc-minutes (~60km). All the geographic data is based on this space.
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Figure 3: Geographic data contained in the GeoModel template: borders, ethnic groups,
population, spatial GDP, elevation and vegetation (left to right panel).

Figure 3 shows some of the information contained in the GeoModel template including
(1) country border and administrative divisions, (2) ethnic groups across countries, (3)
population density, (4) spatial GDP figures, (5) elevation data, and (6) vegetation type. For each
country, we provide their borders as of 1964 and 1994, and also try to reconcile their ISO, FIPS
and COW codes through customized mapping. To check adjacency of countries, the Minimum
Distance data from Gleditsch and Ward (2001) is also included to query for neighboring
countries that are separated by water. At this point, all ethnic groups are directly based on the
GREG definitions. For each ethnic group in a country, there is also information about the “ethnic
group in power” (EGIP) coding by Cederman and Girardin (2007).

In addition, we provide disaggregated data for every cell in the system for population
(downsampled from the Gridded Population of the World v. 3 provided by CIESIN (2005)) and
elevation (downsampled from GTOPQO30 (2007)), as well as local GDP estimates, compiled by
the G-Econ project (at a 1-degree resolution) from Nordhaus (2006). They relieve the modeler
from the tedious task of having to collect and merge complicated datasets and thus provide a
prototyping environment for geographic agent-based models.
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EXAMPLES IMPLEMENTED IN GROWLAB

GROWLab comes with some twenty models that serve as example that can be used as
template for developing new models, as test cases to verify the inner working of the simulator, as
well as stereotype models to evaluate the effectiveness of GROWLab architecture.

To give few examples, we use the iterated prisoner’s dilemma model (Cohen et al. 1998)
as an example for teaching purpose and to test GROWLab basic spaces (torus, grid, soup) and
neighborhood functions. Schelling’s segregation model (Schelling 1978) is used to showcase and
test moving agents. For more elaborated agent structures, we mainly rely on the Geosim model
(Cederman 1997) , which features hierarchical agents and moving state borders. To showcase the
GeoModel template model, we provide some statistical and exploratory models at the forefront
of research.

CONCLUSION

In this paper we presented our GROWLab simulation toolkit. With GROWLab, we tried
to improve the computational infrastructure for geopolitical models, especially with regard to the
use of geographic data. We feel that our approach of using native GROWLab data structures to
represent GIS data is promising, as it does not require the use of special GIS classes in the
model. This way, one can for example switch back and forth between an artificial space and a
space with geographic reference in the same model.

An issue which we have not yet taken into account is the incorporation of real time in the
model. Many GIS datasets are available with explicit temporal coordinates, as for example
ACLED (Raleigh and Hegre 2005). Further development of GROWLab will also focus on a
better support for different agent activation regimes: In our models, synchronous updating is
mostly the desired scheme, but in many cases it brings with it a lot of computational problems. A
toolkit could provide implementations of agent prototypes with built-in data structures for
synchronous activation.
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IDEAS - INTERACTIVE DEVELOPMENT ENVIRONMENT FOR AGENT-BASED
SIMULATION
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ABSTRACT

Recent discussions in the agent-based modelling community have
showed disparate opinions about the level of programming skills to be
expected from modelers. Everybody seems to agree that the more skill
candidates have, the better. However, most of today’s students lack these
capabilities and developing them requires substantial efforts from the
adventurous entrepreneur. Therefore, lowering the requirements would help
agent-based modeling becoming a more widely accepted methodology.

Some suggest that with the spread of general computer literacy, the
problem outlined above will eventually go away, sooner than we would
imagine. Others argue that the problem is inherently social: mastering
mathematics or statistics is not in the least easier than learning to program,
still no aspiring scientist can afford to avoid it.

It would be hard to deny any of these arguments. Nonetheless, we argue
that today’s requirements can be lowered. This statement is not very
surprising either. Various model building tools (such as NetLogo or
AgentSheet) demonstrate that by limiting the ’space’ of possible models,
the task of modeling can be efficiently assisted. The real challenge is to
bridge the gap between the potential open-ended nature of Swarm-alike
modeling environments (e.g., Swarm, RePast, Ascape) and the ease of use
provided by the former frameworks.

Graphical model building interfaces for general ABM platforms, such as
SimBuilder (for RePast) and the IDEAS are attempts to achieve exactly
this. Still, they impose certain limitations on the modeler and require a
certain level of programming.

This contribution describes the IDEAS, an interactive IDE for Agent
based simulations.

Keywords: Agent Based Modelling, IDE, RePast, Swarm Simulation Toolkit, Java

INTRODUCTION

Agent-based economic simulations are becoming part of the professionXs toolkit. Two recent
special issues of the Journal of Economic Dynamics and Control and Computation collect

*  Corresponding author address: Alessandro Perrone, University “Ca’ Foscari” Venice Italy,
e-mail: alex@unive.it

+ Corresponding author address: Andrea Pellizzon, Department of Mathematical Methods and Models for
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several contributions of agent-based economics. They are the best evidence of the increased
interest expressed by the profession.

As stressed by Testfatsion in her introduction to the JEDC special issue, agent-based
simulations address at least four issues. First, heterogenous agents and interactions among them
can be explicitly modeled in agent based simulations. Second, agents behaviour can change due
to the interaction with the environment and other actors. Third, evolutionary processes can be
implemented at the agent level, rather than dictated by population-level laws of motion. Finally,
these models can lead to genuine emergence phenomena and provide a way out of the clockwork
dynamics usually given by more traditional models.

Unfortunately, however, the spreading of this new tool is slowed down by the absence of a
common language as underlined in Luna and Stefansson (2000) and Luna and Perrone (2002).
This limitation prevents a cumulative learning process and finally the emergence of an agent-
based school of thought.

This contribution describes the IDEAS, an interactive IDE for Agent based simulations

MOTIVATION

Initially we posed ourselves the questions:

«  Why develop yet another IDE when good systems already exist (e.g., Eclipse! , Bluej? ,
Jbuilder3 , NetBeans# , Jcreator> )?

* Is there the need on the community of a new IDE? Will someone use this IDE?

Why another IDE?
This project started 3 years ago, when the use of IDE was not so "popular" as nowadays.

What’s an IDE? Upon a standard definition "IDE, integrated development environment is a
system for supporting the process of writing software. Such a system may include a syntax-
directed editor, graphical tools for program entry, and integrated support for compiling and
running the program and relating compilation errors back to the source.

Such systems are typically both interactive and integrated, hence the ambiguous acronym.
They are interactive in that the developer can view and alter the execution of the program at the
level of statements and variables. They are integrated in that, partly to support the above
interaction, the source code editor and the execution environment are tightly coupled, e.g.
allowing the developer to see which line of source code is about to be executed and the current
values of any variables it refers to." We have tried, over the course of the last few years, just
about every Interactive Development Environment out there to build the simulation. In my
opinion they all share two things.

1. They try to do too much, which makes them all large, slow and painfully hard to use.
2. They force the user to change the way he works. He wants an easy to use development
system that works without any particular programming skill and “visually” easy to use.

That’s why we have developed this IDE. With this package anyone, with or without specifics
skills on Agent based Modelling, can create models using

Lhttp:/www.eclipse.org
2http://www.bluej.org
3http://www.borland.com
“http://www.netbeans.org
Shttp://www.jcreator.com
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* objective-c swarm
¢ javaswarm
* RePast

Most important reasons we choose to program an IDE for agent based modelling can be
summerize into following points:

» First of all, there’s not an unique IDE which permits to build models in 3 ABM
environments (Javaswarm, Objective-C Swarm and Repast).

* The Size of the program.

environment |Size in Kb| Support Support Support Support
Objc-swarm| Javaswarm | RePAst |other ABM
Eclipse 137 Mb NO YES YES YES
Classic
Jbuilder |506.8MB NO YES YES YES
NetBeans | 83.8 MB NO YES YES YES
IDEAS 588Kb YES YES YES YES

Table 1: Comparison among different Java IDE

According to table 1© the dimension of this package is very small and so it does not
require computer with high performance.

+ It is very easy to insert other ABM environment in this IDE, since it is all coded in java,
the code is well documented. All the project of this IDE is Open Source.

» This tools permits in an easy way, to create tutorial for each language, without writing a
lot of lines, but using only commands in menus.

»  Each model is composed by a project, and it has multiwindow visibility of the code of the
simulation.

Was there the need on the community of a new IDE? Will someone use this IDE?

In our opinion, there was the need of such tools, due to the fact, that it encapsule all three ABM
environments in "less than 1 Megabyte" program. Anyone can generate its model (even if it has
no experience of either computer programming and ABM philosophy) using all three libraries
and then, seeing the code, can choose, among them, which one he could use.

With single clicks of mouse he can create the skeletron of a large functional model, and then
he can spend all the time to modify the working skeleton upon its wishes.

The package is totally written in Java, and so it virtually runs on every operating systems
which has java virtual machine installed” .

6All datas of this table has been taken from the official web page of the developer of each IDE
TThe IDE has been written on a Macintosh powerbook using Tiger as Operating system, and on a
Intel notebook with Linux Fedora
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IDEAS PACKAGE
The figure 1 shows a snapshot of the IDE.

e 66 Jipe

File Edit  Search [Inzert View Project Execute Qptions Tools Window Heip
Glaoalee ¥ nale sm sz
& a8 LS B a

|| Project N |
’ : =14

I»

4
»
|

= = == —
llalessandro-perrones-power-mac-g5.locald
b

il Consale | Compile | Search |

IDEAS —Ineractive Development Environment for Agent Based Simulation

Figure 1: A screenshot of main IDEAS window

IDEAS Overview

To run the program, simply double click on IDEAS icon and a window like that in figure 1,
appears. The Workbench window displays one or more perspective. The worbench window is
divided into four different windows:

1. A project Window that contains the collection of items that make up the particular
simulation. The project window displays a list of these elements to give easy access to
them. In a standard simulation project, for example, according to swarm paradygm, there’s
the main, the ModelSwarm, and the ObserverSwarm objects, while, in RePast Model, it
contains the Model, ModelGUI and standard Agent Classes. It provides window access to
project resources through the logical view.

2. A Navigation Window. it displays the members classes as well as the Inheritance view of
class methods and variables of the currently open class.
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3. A Code Editor Window. The IDE’s built-in source editor enables to view, create and edit
the source code. It assist the programmer while coding with features like sintiax
highlighting, code completation® , and editor hints.

4. A console Window. It displays compiler messages while building and running the
project, and it is an interface to the Operating System.

IDEAS’s feautures

Some of the features of this package are
 Intuitive Interface This package has been coded and thought with the GUI of standard
IDEs.
* Project manager . All simulations are encapsulated into projects
* A language sensitive editor. All java and C language reserved words are highlighted.
« Graphical display of the class structure®
+ Compilation facilities. Anyone can write particular flags that they will be used during the
compilation of the project.
* Code Generation Design your application visually. IDEAS generates all the Agent based
toolkit code!9 ;so no developer time is wasted coding a user interface. . Multiplatform.
It’s been intentionally written totally in Java, so it runs anywhere where Java runs Code
Editor, It generates 100% Pure editable code.
This paper gives an overview ofK the environments showing how is simple to write simulation
using different Agent based environments, even if there’s a little knowledge of the "agent based
paradygm".

Working with IDEAS

In this section provides a quick tutorial which takes the user along the steps required to create a
couple of simulation with simple clicks of mouse. In this paper we do not describe all menus of
the package, since the package comes with a well-written manual which cover all aspects of the
IDE.

Our first experiment - hello world

In this paragraph there’ll be explained all steps to follow to obtain a simulation whose output is
showed into the figure 2

8In this version this features runs only on ABM in java, but in near future it will be extented to
other ABM toolkits.

9only for the java ABM

101t generates, depends on the kind of the running project

* java code for javaswarm and RePast environment,
* objective-c code for objective-c swarm toolkit
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Figure 2: Output of the first experiment

Here are the steps to follow:

1. Create a new project by double click Project Menu -> New Project Item. A window like
that in figure 3 appear

i Project Type: REPAST
! Project Name : First_Experiment
~ Main Class/Html File :
‘ ClassPath: fhome/RePast-2.2 flibjrepa
| Class Directory : JhomefRePast-2.2/lib
Build Script:
[ ok || cancel |

Figure 3: The dialog box displayed when you start a new project, or want to alter a
projects properties.

When starting a new project the first thing you will be asked for some information about
the model you want to program such as

o Project type. It it the type of ABM the user wants to program. This item accepts,
in this version, only three kind of ABM projects
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= JAVASWARM to use javaswarm paradygm toolkit;
= OBJCSWARM for objective-c swarm toolkit;
= REPAST to use Repast environment;
Project Name. This project name will then be displayed in the project window.
Main Class. It is the name of the simulation.
Other properties as particular classpath, buildpath.
o BuildScript. It is useful for objective-c to run the program.
2. Once filled the items of figure 3, click the Ok button!! and the framework will be
presented as the picture of figure 4

O O O

‘& 4l Ji _e.xw

- JIDE
File Edit Search Insert Yiew Project Execute Options Tools Window Help
DaBs 2 b0 & A0 % ¥

Gad dah &

Project | : [ First_Experiment.project r Makefile r Model java r ModelGUl java r Agent java
[ First_Experirment uchicaga. src. sim. engine.*; (=]
. . g

D First_Experiment.projg ;J:\T;c:&:.g;f;{m.gw, !

[} Makefile '

[ Agent java o= Title: Hello World < /p.>

. ¥ <p=Descrption: First RePast model</p=

D MDdEquI'Ja\‘a * ap=Copyright: Copyright {0 2003 </

[ Model java * <p=Company: MTA SZTAK! & ALEXZ000</p>
* @quthor Laszio Gulyas, Alessandro Perrone
¥ @version 1.0

pdblic class Agent implements Stepable, Drawable {

int x;
int 4,
public Agent{int x, int 4 {
his.x = x;
:;i’:m this.y = v,
i
clraw public void step() {
getx System. out. printing + ¥+ +y+
gety }

public void draw(SimGraphics g) {
g.drawFastRoundRect{Calar.green);
i
public int getx{ {
return x;
i
public int gety( {
return v,

[«

| consale | Compile | Search

Line: 1/31 Column: 1:34 - 3%

Current Window : Agent java

Figure 4: The IDEAS framework of the first experiment

3. Save each file of the project, using "save as" item of Menu Flle, or choosing each file on
Code Editor, pressing right button of the mouse, and choose the save item.

4. Save the project using the "save project” item under the Project Menu.

1t is important to fill the classpath item, because it tells the compiler the PATH to find the
RePast library, for this simulation, the swarm.jar file, if the simulation is based on javaswarm

toolkit
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5. Compile the project using F9 shortcuts, or using compile item under Execute Menu!2
6. Run the project using the "run app" item
The output of this first experiment is showed on the figure 2

It is important to note that, without writing a single line of code we have written a simple
running simulation which can be used as skeleton for our real model.

An quite-complete experiment

In this section we describe a simple experiment, in which we can see some GUI features of the
package!3 It produce, as output, the same as last paragraph, but with two more windows, one
with a barchart and the other with a graph of the variable X versus time. Here are the steps to
follow:

» Create a new project, fill the item of window like figure 3 and name the project as
"SecondExperiment"

* Insert a linechart using the "Line X" item of Insert Menu
* Insert a barchart using the "Bar Chart" item of Insert Menu

» Save each file of the project, using "save as" item of Menu Flle, or choosing each file on
Code Editor, pressing right button of the mouse, and choose the save item.

» Save the project using the "save project" item under the Project Menu.
« Compile the project using F9 shortcuts, or using compile item under Execute Menu!4
* Run the project using the "run app" item

The output of this experiment is showed in the figure 5

St \ |
= HEPAET =2
..".‘;'_,"_1 0, x Tk Count: 118
i ST S0 TARe AT ST
Mepasl Achad
) i r ;p['\ line 2 - Paramsiess Lustom Adions
) |- 1% »
N Made! Parametens
o%
04|
02
i, |
] 1.5 |
i
J - Hise J LTS
Histo

“ | MamberX » ReFast Pardmneters
Lol pn

(el eaghe
Coifniduos
FawseAl

RandonSes® |

Figure 5: The output of the second experiment

12In the same menu, the Execute, there’s also the "Build All" command which compile all files
of the project

13We are still, as example, using the RePast toolkit

14In the same menu, the Execute, there’s also the "Build All" command which compile all files
of the project
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Other experiments

In this example we have chosen to write a simulation using RePast, but, in the same way, we
could write the same model using javaswarm, !5 of the objective-c swarm!6

In these examples, we have intentionally chosen to write simple simulations without writing
any lines of code, so the reader can duplicate the experiment using different ABM toolkit without
problems.

The packages is provided with several projects of different toolkit which come from Internet
world!7 .

It is important to note, that in this paper is described some of all features of the package.
Using project manager it is possible to edit all ABM files, create new classes, edit classes, insert
code, etc. etc.

IDEAS is an Interactive Development Environment customized for Agent based modelling.

CONCLUSIONS AND FUTURE WORK

In this paper we have described the implementation of IDEAS, an IDE written specifically for
Agent based modelling using tools as Swarm (either in objective-c and java language) and
RePast frameworks.

IDEAS provides the user with a wide range of functionality such as : Project management,
project templates, code-completion, debugger interface, editor with syntax highlighting, wizards
and a fully customizable user interface.

We believe that IDEAS has tremendous potential in solving many of the problems faced by
researchers regarding lack of computer programming experience.

Therefore, we view the work described in this paper as only the beginning of a large project.
We intend to develop a complete implementation of all different aspects of the ABM
programming along with the implementation of other ABM environments.

We note that the IDEAS interface defined in this paper may change as our implementations
and studies reveal the need for providing additional/different functionality.

As the project progresses we intend to consider the use of sourceforge.net as a software
repository, since we would like IDEAS to be open source

As a future work we are going to implement some new fautures of the program such as:
* Dbetter integration with repast and swarm toolkit;

» better colour syntaxing for reserved words in Java, C, objective-c Language;

» Color coding that can differentiate between objects and methods

» integration of gdb debugger for c/objective-c models

+ easy to save single projects and single classes

» better facility to load /save/run models

» integration of "jarfile Manager" for java models and "zip manager" for other ABM
languages

I5Just write into field "ProjectType" of the figure 3 the word "JAVASWARM"

16 Just write into field "ProjectType" of the figure 3 the word "OBJECTIVEC"

17Examples in RePast can be found into RePast official web site http:/repast.sourceforge.net,
while swarm models can be found into Swarm Web site www.swarm.org.
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» support for backmapping for objective-c language, which means that if you click on the
error message in the Output Window, IDEAS will highlight the line of code that generated
the error

* better documentation
* more examples in different ABM environments

The package is a very dynamic work in progress. For an update on the environment
development, to download the latest release or for updated information about the VSB, including
sample code, errata and preview of further versions, forums visit my site
http://www.planetagents.org in IDEAS section.
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TURTLE HISTORIES AND ALTERNATE UNIVERSES:
EXPLORATORY MODELING WITH NETLOGO AND MATHEMATICA

E. BAKSHY", Northwestern University, Evanston, IL & University of Michigan, Ann Arbor, MI
U. WILENSKY, Northwestern University, Evanston, IL

ABSTRACT

This paper presents the design of a development platform integrating NetLogo, a multi-
agent programmable modeling environment with the Mathematica scientific computing
environment. We will discuss the affordances of such environments, which can simplify
and enrich the research process for agent-based modelers. More specifically, we will
demonstrate the advantages of having real-time exchange of complex data structures
between agent-based modeling environments and symbolic mathematical software such
as Mathematica. Together, such tools can provide researchers with a highly interactive,
self-documenting workflow that neither tool can provide alone. This paper will give an
overview of how the integrated environment can be used for common tasks in agent-
based modeling, the construction of interfaces for exploring simulation dynamics, and the
effective design patterns for representing simulation results.

Keywords: Agent-based modeling, exploratory analysis, NetLogo, Mathematica

INTRODUCTION

The behavioral dynamics of agent-based models contain vast quantities of information
for which analysis can often be daunting to researchers. Nevertheless, for the purposes of model
verification, validation and replication, it is essential for researchers to carefully and extensively
study their models and analyze the behavior at several different levels (Wilensky & Rand, 2007).
This paper presents a framework for representing, measuring, and visualizing the behavior of
agent-based models. We will discuss some limitations of software systems used in the
development and analysis of agent-based models, and demonstrate the ways in which our
framework attempts to address these issues. We propose that many of these tasks can be
resolved through the integration of agent-based modeling environments and scientific computing
environments, such as NetLogo (Wilensky, 1999) and Mathematica (Wolfram, 2003). Our

approach is, in some respects, similar to that of Macal & Howe (2005), which provides an

*Corresponding author address: Eytan Bakshy, School of Information, University of Michigan, 1075 Beal Ave., Ann
Arbor, MI 48109; e-mail: ebakshy @umich.edu
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extensive engine-level integration between Repast (2007) and Mathematica. We will further
elaborate upon the affordances of such environments in the context of current issues faced by
agent-based modelers.

Mathematica is an interactive programming environment which can support many of the
tasks common to agent-based modelers. These tasks include pre-processing and analysis of
external data used to motivate or calibrate models, model prototyping, interactive model
exploration, data collection, storage, analysis, and documentation among other tasks. In contrast
to using several special purpose or compiled programming languages for each of these tasks, the
integration of such tools with high-level agent-based modeling environments like NetLogo can
bridge the gap between model development, inquiry, and analysis.

Mathematica essentially consists of two processes, the kernel and the front-end. The
kernel stores and executes all program code and data, which are represented in a uniform fashion
as expressions. The front-end allows users to manipulate, retrieve, and graphically represent
expressions stored in the kernel. Users interact with a notebook, which can contain text, program
code, data output, and graphics. Typically, users enter commands into the notebook, which are
executed by the kernel, and its output is displayed below, giving a line-by-line documentation of
a user’s session. In Mathematica 6 (2007), notebooks can contain dynamic elements, which can
display the state of expressions in the kernel in realtime, as well as relay information from

interface objects back to the kernel.
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FIGURE 1 The NetLogo-Mathematica Modeling environment
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The integrated NetLogo-Mathematica environment, depicted in Figure 1, includes many
aspects that make it particularly well suited for conducting research with agent-based
models. Mathematica's data connectivity supports automatic format recognition and type
conversion of files, as well as support for SQL database connectivity. In conjunction with pattern
matching and rule-based programming functionality, such routines can reduce the amount of
time spent preparing and organizing data for use with NetLogo. This integration makes
accessible, for use with NetLLogo models, Mathematica's functions for statistics, non-linear
optimization, linear algebra, graph theory, and a number of other functions suited for the
execution and analysis of agent-based models. These methods can be combined with high-level
graphical interface constructs to rapidly create custom tools for exploratory analysis of
models. The environment's document-centered interface lets users combine comments, code,
visualizations, and annotations in a single working notebook that can be viewed side by side with
the NetLogo graphical interface. Finally, because all definitions, data, and graphics are
serializable, the storage and retrieval of complex data structures representing model data (e.g.,
simulation histories) can be accomplished with minimal effort. These technical aspects of
Mathematica, combined with the NetLogo-Mathematica interface, provide a flexible foundation

upon which agent-based research frameworks can be built.

OVERVIEW OF THE NETLOGO-MATHEMATICA INTERFACE

The NetLogo-Mathematica toolkit provides a high-level interface to NetLogo from the
Mathematica kernel via the J/Link Java interface. Once installed, one can load the package and
launch NetLogo with no additional configuration.” At its core, the interface comprises of two
simple functions: NLCommand[ ], which executes a NetLogo command, and NLReport[ ],
which returns data from NetLogo. Other high-level primitives for repetitive tasks and acquiring
structured interaction topologies, such as patches or grids (via NLGetPatches|[ ]), and links or
networks (via NLGetGraph|[ ]) are included in the toolkit as well.

NLCommand[ ] is often used to programmatically initialize a model and execute the main
loop. The function performs automatic type conversion, expression splicing, and concatenation,
which allows users to easily access or modify NetLLogo data using any combination of numerical,
string, boolean, color, and list expressions. Additionally, numbers, strings, and lists are
automatically converted back to native Mathematica types when requested from NetLogo using
NLReport[]. Forexample, NLCommand[“set foo”, {{True, 12, 8.4}, {False,

T requires NetLogo 4.0 or greater and licensed version of Mathematica 6.0
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13, 8.9}}] will set the NetLogo global variable, foo, to the NetL.ogo list expression, [[true
12 8.4] [false 13 8.9]]. Similarly, NLReport[“foo”] will return a Mathematica
expression containing the original nested list of boolean, integer, and floating-point types. These
two basic functions are often sufficient to collect data and create plots on the fly that might
otherwise require the use of file I/O or complex graphical interface programming.

We present the NetLogo-Mathematica environment in the context of several modeling
tasks. First, we will discuss the validation in a suite of statistical mechanics models with
traditional analytical descriptions. Second, we will show how the interactive visualization
features of Mathematica 6 can be used to replay model dynamics in an agent-based model of
cultural dissemination. Finally, we will present effective design patterns for representing
simulation results, and show how they may be used to perform an exploratory analysis of the

parameter space of a forest fire model.

COMPARING AGENT-BASED MODELS WITH ANALYTICAL MODELS

The NetLogo-Mathematica kit was first used to solve the following problem: are the
agent interaction rules in GasLab suite of NetLogo models (Wilensky, 1997a) sufficient to
generate velocity distributions found via traditional analytical treatments of ideal gases? In this
example, the model’s initial conditions are set using NLCommand[ ]. We define the function
Resample[] to execute the NetLogo model for 50 “ticks,” and return a list of speeds back to

Mathematica

Resample[ ]:= Module[{},
NLCommand[ “repeat 50 [go]”];
NLReport[“[speed] of particles”]
1i

To collect a sufficient number of moments of velocities, the distributions are resampled forty
times using the list constructor, Table[Resample[ ], {40} ], which will generate a list of 40

elements, each element being the a consecutive resampling of the simulation.



151

e 06 4¢ GasLab Example o
[122)- Resample[] := Module[({}, 3 ’T
NLCommand ["repeat 50 [go]"]; |
NLReport [" [speed] of particles"] |

1: 1|

[148)= NLCommand["set number-of-particles 500", "no-display"”, "setup”]; 1l
{k, m, T} = {1, 1, NLReport["mean [energy] of particles"]}; |
speeds = Flatten[ Table [Resample[], {40}]]; !

m 2 !

B[v_] := vEZkT; :
normalizer = J- B[v] dv; !

o !

B[v] !

theoretical = Plot [7 , {v, 0, Max[speeds]}, PlotStyle » {Darker[Red], Thickness[0.008] }]; |

normalizer
empirical = Histogram[speeds, HistogramScale - 1]; |
)

Show[empirical, theoretical]

100% »]

FIGURE 2 Comparing simulated results with analytical distributions

To compare the observed distribution with the analytic description of the speed
distribution, we must find the mean energy of the system, which can be sampled directly from
NetLogo: NLReport[“mean [energy] of particles”]. With this data, we compare the
observed distribution with the Maxwell-Boltzmann distribution. The two distributions are in
close agreement with one another, as illustrated in Figure 2. This first example is a fairly
straightforward example of data collection and visualization. We now turn to a more complex

example involving multi-dimensional, time-varying data.

VISUALIZATION AND INTERFACE CONSTRUCTION

Programmable agent-based modeling environments like NetLogo allow developers to
rapidly construct realtime visualizations of their model. However, an ABM environment
typically supports a single modality of visual representation viewed forwards in time. This can
make the analysis of complex systems, whose components evolve in a parallel fashion at

multiple levels, quite difficult. The NetLogo-Mathematica environment provides a convenient
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way to store the complete simulation “history” in memory, and rapidly prototype interactive,
multi-modal visualizations for understanding this data.

The following example shows how NLGetPatches]| ], the NetLogo-Mathematica
function for retrieving patch-based data, can be combined with interactive visualization
procedures in the analysis of patch-based models. The time-varying patch data will be
represented in several ways over time using Manipulate[ ]. In this example, we use a
modified version of a NetLogo implementation (Centola, 2007) of Axelrod’s model of cultural
dissemination (Axelrod, 1997). In NetLogo, each patch agent owns a variable called
culturalFeatures, which is an array of k features. At every time step, we execute the model
and retrieve the matrix of patches, with each entry of the matrix being a list of cultural features,

using NLGetPatches[“culturalFeatures”].

e 06 #¢ axelrod paper example (=)
patchTimeSeries = Table [NLCommand ["repeat 10 [go]"]; NLGetPatches["culturalFeatures"], {200}]; 3
In[15¢)= CulturePlot[patches , £ ] := ArrayPlot[patches[[All, All, £]], ColorFunction » ColorData[3], ColorFunctionScaling » False]; M
in[1ec)= Manipulate[CulturePlot[patchTimeSeries[[time]], feature], {time, 1, 200, 1}, {feature, {1, 2, 3, 4}}] 37
g
£
time U
feature [liZ 3 4‘
"

-y

Out[160)=

[ 100% »] & ] ) <>

FIGURE 3 An interactive interface for exploring model dynamics

The interface in Figure 3 is generated by a single call to Manipulate] ]:

Manipulate[CulturePlot[patchTimeSeries[[time]], feature],
{time, 1, 200,1}, {feature, {1, 2, 3, 4}}]
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The code specifies an interface which lets the user to view any of the four features at time
steps 1 through 200, which may be animated both forwards and backwards. Dynamic
visualization constructs such as Manipulate[] are just one example of a host of other high-
level tools for constructing interfaces. These functions can also be used to display the progress
of a parameter-space exploration in realtime, or compare aggregate ‘“between realization”
visualizations with individual simulation time-series. Such interfaces are particularly useful for
collaborative analysis of models, since they allow a team of scientists, including those with less

programming experience, to readily find patterns and test hypotheses in a model.

DESIGN PATTERNS FOR EXPLORATORY ANALYSIS OF AGENT-BASED MODELS

The traditional cycle of rigorous analysis of NetLogo models commonly involves writing
software to specify a region of parameter space to explore in an automated fashion, either
through the use of shell scripts, or specialized tools such as BehaviorSpace (Wilensky, 2003).
Users must specify ahead of time the ranges and increments of parameters they would like to
vary, and how many times each model run is repeated. Other structured data, such as lists or
graphs can be difficult to format and read in by most tools for analysis, so most data written to
disk is in the form of pre-aggregated scalar data. In this section we will propose a method for
effectively executing and storing structured simulation data on a call-by-need basis. This
approach is similar to memoization in dynamic programming, where “subproblems” (measures
on a parameterization of a model) are stored in memory to speed up the execution of larger
problems, such as finding critical points in a model’s behavior or developing visualizations
involving potentially thousands of runs.

A model realization can be thought of as a collection of data representing the execution of
a deterministic program, or model. Agent-based models typically exhibit some degree of
stochasticity. That is, the execution of the model involves psuedorandom processes, which may
result in models that have identical initial conditions but produce a variety of possible outcomes.
Thus, it is often important that there is a way to encode multiple realizations of the same
parameterization of the model, but with different random seeds. With this method, any particular
realization can be reproduced, given that the random seed is properly initialized and stored.
These model realizations can be parameterized by their configuration settings and a labeling of

their realization. A realization can be represented in Mathematica using some form, such as:

Realization[{pl, ..., pn}, repetitionNumber] = <npdel data>
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In Mathematica, we will take advantage of the fact that the system can “remember” its value
using the idiom:

f[x ] := £[x] = function to be evaluated at x

Each time the function £[ ] is evaluated at some x, its value is calculated and stored as
part of the definition of the function. This is a convenient mechanism for storing the results of
often computationally intensive realizations of models for later use. Below the typical structure

of a NetLogo-Mathematica Realization object is specified:

Realization[{varl , ..., varN_}, repetition ] :=
Realization[{varl, ..., varN}, repetition] =
Module[ {i nternedi ate data structures},
(a) setup nodel using paraneters;
(b) execute model and store internediate results;
(c) return result structure

17
(a) NetLogo variables are initialized according to the model’s parameters using NLCommand][].
Side effects of the initialization, such as NetLogo-generated random seeds, or initial placement
of agents may be recorded in intermediate data structures
(b) The main NetLogo loop is executed, and agent variables or aggregate measures are recorded
to intermediate data structures. At this point, we may process NetLogo data using Mathematica
and insert new values into agents. This is typical for models in which agents utilize Mathematica
functionality to carry out their rules.

(c) The intermediate structures are combined into a single expression representing the simulation.

In addition, users may define several functions that operate on the Realization data. These
operators come in three common varieties:
*Directly accessing an element of the resultant expression, such as a time-series array of
some measure, or the distribution of agents’ variables
*Aggregating agent data, such as calculating the Gini index of the stored population or the

clustering coefficient of a network
*Visualization, such as plotting the time dynamics or network structure of a realization

Together, these functions and structures can provide a flexible framework for dealing with
modeling tasks ranging from exploratory analysis, sensitivity analysis (Miller, 1998), to
validation and docking (Axtell et. al., 1996, Wilensky & Rand, 2007).
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EXPLORATORY ANALYSIS WITH REALIZATION OBJECTS

Here we will consider an instance of this Realization object prototype. This function executes
the NetLogo forest fire model (Wilensky, 1997b) with a particular density and reports back the

fraction of trees burned.

PctBurned[density , rep ] := PctBurned[density, rep] = Module[{},
NLCommand[ "set density ", density, "setup"];
NLCommand[ "while [any? turtles] [go]"];
NLReport[" (burned-trees / initial-trees)"]

1;
We may attempt to find the phase transition by plotting the result of this function with the entire

range of densities, from zero percent to one hundred percent in increments of ten:

ListPlot[Table[PctBurned[density,1],{density,0,100,10}]]

Finding that a phase transition occurs approximately between forty and eighty percent density,
we can execute the model over this range in increments of five percent, and observe its variance

over ten additional repetitions using a box and whisker plot:

BoxWhiskeryPlot[Transpose[Table[Table[PctBurned[density,rep], {rep,10}1],
{density,30,60,5}11]

Finally, we can plot the transition averaged over twenty runs at a higher resolution in increments
of one:

ListPlot[Table[Mean[Table[PctBurned[density,rep], {rep,20}]1],
{density,30,60,1}]]

CONCLUSION

The environment and techniques presented in this paper can provide researchers with a
rich environment in which they can rigorously debug, analyze, and make inferences from agent-
based models. It provides an integrated workflow which enables users to focus on
experimentation rather than the implementation. We hope that the methods proposed here can be
of use to the agent-based modeling community and promote a more intimate understanding of
phenomena observed in our models and a more robust treatment of our results. We have used
these tools in several of our research projects at the CCL. In the context of an NSF-funded
research project on modeling educational policy, we have profitably applied the NetLogo-
Mathematica interface tools to explore a large-scale model of school choice calibrated with
empirical data. The integrated environment has enabled the iterative construction of the model,

including the model calibration, analysis of runs, and even model documentation. In addition,
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the environment has aided in the collaboration with members outside of our immediate research
group by enabling us to rapidly examine new hypotheses and analyze the data in multiple ways.
In this respect, the NetLogo-Mathematica integrated environment provides a powerful addition

to the model builder’s toolkit.
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ABSTRACT

Agent-based modeling has been extensively used by scientists to study complex systems.
Participatory simulations are similar to agent-based models except that humans play the
role of the virtual agents. The Bifocal modeling approach uses sensors to gather data
about the real-world phenomena being modeled and uses that information to affect the
model. In this work, we are interested in automatically extracting, analyzing and
modeling group behaviors in problem solving. Combining these three systems into one
unified platform would be useful for those purposes, since it would facilitate a synthesis
of their main affordances: understanding the role of locality, mapping human action to
emergent behaviors, and controlling embedded physical objects in noisy environments
while receiving sensory feedback. We will demonstrate a technological platform based on
the NetLogo/HubNet architecture that supports simulated agents, participatory agents and
physical agents. We place this platform within a more general framework that we call
Human, Embedded and Virtual agents in Mediation (HEV-M). We have run several
studies using an instantiation of this platform that consists of a robot-car with four users
who navigate a maze. We believe that this tool has potential for three main reasons (1) it
facilitates logging of participant’s actions, so as to identify patterns, (2) it offers
researchers in the field of computer-supported collaborative learning an easy-to-use tool
to design engaging collaborative learning activities and, (3) it foregrounds the role of
individual actions within the accomplishment of a collective goal, highlighting the
connections between simple individual actions and the resultant macroscopic behaviors
of the system.

Keywords: group behavior, agent-based modeling, collaboration, robots
INTRODUCTION

Agent-based modeling has been used by scientists to study phenomena such as the
interactions of species in an ecosystem, the collisions of molecules in a chemical reaction, and
the food-gathering behavior of insects (Bonabeau, 1999; Troisi, Wong & Ratner, 2005; Wilensky
& Reisman, 2006). Typical of agent-based models is that the aggregate patterns or behaviors at
the macro level are not premeditated or directly actuated by any of the micro-elements.
Participatory simulations are similar to multi-agent simulations except that humans play the role
of the virtual agents (Wilensky & Stroup, 2002). As yet another extension to ABM methods,
Blikstein & Wilensky (2006) have been exploring the use of physical devices in agent-based
modeling, using sensors to gather data about the real-world phenomena under scrutiny (bifocal
modeling).

* Corresponding author address: Paulo Blikstein, Center for Connected Learning and Computer-Based Modeling,
222 Annenberg Hall, 2120 Campus Dr., Evanston, IL 60208; e-mail: paulo@northwestern.edu.
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The three aforementioned areas (agent-based modeling, participatory simulations, and
bifocal modeling) are concerned with the creation, manipulation, and development of agents in
one form or another. In this work, we are particularly interested in automatically extracting,
analyzing and modeling group behaviors and collective strategies for problem solving.
Combining these three systems into one unified platform would be useful for those purposes,
since it would facilitate a synthesis of their main affordances: understanding of the role of
locality, mapping human action to emergent collective behaviors, and controlling embedded
physical objects in noisy environments while receiving sensory feedback. We will demonstrate a
technological platform based on the NetLogo/HubNet architecture (Wilensky, 1999; Wilensky
and Stroup, 1999) that supports simulated agents, participatory agents and physical agents (Rand,
Blikstein, & W.ilensky, 2006). Within this platform, designers can create participatory
simulations in which each participant controls one micro-element within a physical system (a
car, a mini-factory, etc.), while at the same time interacting with virtual agents. We place this
technological platform within a more general framework that we call Human, Embedded and
Virtual agents in Mediation (HEV-M). This framework facilitates general discussion about the
components of the overall system and their interaction across particular technologies and
instantiations.

We have run four studies using an instantiation that consists of a robot-car with four
motors, each connected to a robotics interface, the GoGo Board (Sipitakiat, Blikstein & Cavallo,
2004), which communicates with the server. Each user is assigned a motor to control, and
turning the car is achieved by activating, deactivating, or reversing the correct wheels.
Participants were given the task of moving the robot from a start area to a goal area while
avoiding obstacles along the way.

Initial results were intriguing. In our first studies, with university professors and
researchers (Blikstein, Rand & Wilensky., 2006; Rand, Blikstein & Wilensky, 2006), before the
start of the activity, participants were confident that they could easily accomplish the task.
However, as soon as the first turn was necessary, participants started to report increasing
frustrationl with their ability to solve the problem, and we observed the emergence of strategies
for optimizing the process, such as delegating leadership to one participant, or formation of two
groups acting fairly independently. Also, at the beginning, many participants seemed unaware
that an error from any of the participants could ruin the group’s goal, no matter how well other
participants were doing. However, in the present study, with computer science students as
subjects, resulted in a diverse set of strategies for managing the task, as we will explain in this

paper.

We present the current study as one example of how collaboration with embedded objects
can be observed, but the potential of this framework and technology goes beyond this instance.
As an example, almost any agent-based model could be recreated using physical agents and
human agents interacting with those agents. For instance, traffic simulations in which
participants controlled remote control cars, could offer insight into human behavior in traffic
systems. The virtual agents in the current study are fairly passive, serving as conduits from the
participants to the robot. However, these agents could be given a greater level of interaction,
allowing them to interpret and respond to data from both the participants and the robot, and make

1 1t should be noted that the participants found this frustration humorous, since they were amazed that they could not
solve such a simple problem.
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their own autonomous decisions. This would add another level of complexity to the overall
system.

We believe that the framework instantiation presented in this paper has significant
potential for three main reasons (1) it facilitates logging of participant’s actions, so as to identify
patterns and match them to observations, (2) it offers researchers in the field of computer-
supported collaborative learning an easy-to-use tool to design engaging collaborative learning
activities and, (3) it foregrounds the role of individual actions within the accomplishment of a
collective goal, highlighting the connections between simple individual actions and the resultant
macroscopic behaviors of the system.

THE HEV-M FRAMEWORK

On a certain abstraction level, human, robotic (also called embedded) and virtual agents
can be viewed as equivalent: all of these agents have properties (i.e., descriptions of themselves,
and knowledge about the world) and methods (i.e., actions that they can take to achieve goals).
In all three cases, the agents, regardless of being human, embedded or virtual, will examine the
world around them and their own internal state and decide what action to take on the basis of this
input.

Each of these systems, virtual, robotic, and human, present their own challenges. In the
case of human agents, the logic that connects the input to the output may not be well known by
outside observers, and thus the actions taken may be quite unpredictable. But confusion about the
relationship between inputs and outputs is not limited to the human case. Robots can have noisy
sensors that affect their perception of the world, and their actuators, also subject to a noisy
environment, may not always work perfectly. In addition, there are many challenges to designing
virtual agents correctly. Often low-level rules do not result in anticipated emergent patterns.
Nonetheless, there are many reasons to motivate the combination of these systems into one
integrated platform.

Robotic agents and virtual agents working within a shared model can be complementary.
Robotic agents could use virtual agents to plan out routes and to simulate their movements ahead
of time, which would assist in the development of some robotic agents, like planetary rovers.
However, this is not a simple task. Robotic agents operate within the physical world (which
often interferes with the task) and they have noisy sensors and fallible actuators. As mentioned,
the integration of virtual systems with robotic systems can present researchers with many
difficulties. How does one model the noisiness and inefficiency of the physical world within a
virtual system, so that virtual and robotic agents can remain in step with each other? How should
virtual agents interpret data from a robotic agent?

In much the same way that robotic agents are different from virtual agents, so are human
agents different from virtual agents. The integration of human agents into a unified system also
presents many of the same issues that challenge the integration of robotic agents, since they also
have noisy sensors and inefficient actuators. Moreover, they present additional problems from a
virtual agents’ standpoint — human agents can adapt to their surroundings in new and surprising
ways, which means that they are less predictable, and can be deliberately obstinate or malicious,
attempting to confuse and take advantage of virtual agents. Notwithstanding these challenges, the
integration of human and virtual agents within a shared system has a lot of potential. For
instance, a model developer can have humans play the role of agents, subsequently capturing and
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embedding the decisions made by humans into virtual agents, enabling a richer and more
elaborate examination of the behaviors employed by the humans (for more information on work
on virtual and humans agents using the HubNet platform, see Abrahamson & Wilensky, 2004;
Berland & Wilensky, 2006; Wilensky & Stroup, 2002). Alternatively, human agents could work
together with virtual agents to accomplish some mutual goal. For instance, in a war simulation,
humans could place emphasis on different targets while allowing the virtual agents to take care
of the low-level planning. However, all of this requires the development of new protocols — for
example, how does one automatically capture human decisions and embed them in agent-based
rules? How can human agents express new beliefs, desires and intentions to a virtual agent?

We have been discussing these relationships between human and virtual agents, and
robotic and virtual agents as separate entities, but these relationships can also be combined
within a unified framework. In this paper, we will explore the combination of all these agents
within one integrated platform (Blikstein, Rand & Wilensky., 2006; Rand, Blikstein &
Wilensky., 2006). Our unified conceptual framework is the HEV-M framework, which stands for
the integration of Human agents, Embedded sensory-enabled robotic agents, and autonomous
Virtual agents, which communicate via a central Mediator (see Figure 3). The three different
agent groups may have different goals and even different tasks. The mediator takes messages
from any of the three groups of agents, transforms the messages, and relays the information to
the other groups within a well-established protocol.

We have previously speculated (Rand, Blikstein & Wilensky, 2006) how this framework
might be useful through the use of three hypothetical examples: Widget Factory, Planetary
Rover, and Demon Soccer. In Widget Factory humans and virtual agents control simple
machines that create parts of widgets. This environment can show, for example, that minor
errors in the creation of the parts can dramatically alter the resultant outcome. In Planetary Rover
humans cooperate with virtual agents to control a robotic agent. The virtual agents utilize
sensory data about their environment to make independent decisions. This environment can
enable the exploration of collaborative human-robot protocols. In Demon Soccer, human agents
interact with virtual agents to control a soccer ball. The human agents play on opposing teams
and attempt to steer the soccer ball in to their opponent’s goal. Four different agents control the
four wheels. Two of the agents are humans, and two of the agents are demon agents that either
malignantly or randomly alter the speed and direction of the wheels. This environment enables
the exploration of mediation between hostile agents, and could offer insight into how humans
adapt to new and challenging situations.



163

Aggregated Output
(NetLogo Interface)

/
/
/ | Human ‘\ / | Embedded |
/ Agent ; / Agent
! ) ¥ ] i \
| (Human) (Robot) \
) Participatory Mediator Embedded !
«» (NetLogo |
| Protocol Observer) Protocol {
| (HubNet) NetLogolLab) 4 i
‘,‘ Human [ I . o, | ™| Embedded {
\ Agent e e, 1 Agent f
\ | (Human) L b (Robot) /
\
Virtual Virtual Virtual
\ Agent <> Protocol Agent
\Q (NetLogo) (Turtle)

Figure 1: HEV-M Framework.

TECHNOLOGICAL PLATFORM

In this paper, we describe one technological platform that implements the components of the
HEV-M framework. This platform is based on the NetLogo/HubNet modeling environment, and
on the GoGo Board, an open-source piece of hardware for interfacing the computer with sensors
and actuators. The system has three components:

1. Robot-car: the car has four motors, each connected to a wheel and controlled
independently. The wheels cannot be steered, thus turning the car is achieved by
selectively engaging different wheels in different directions. For example, a slow turn to
the left can be accomplished by turning on both of the right wheels, and a faster turn can
be accomplished by also turning the left wheels on, but in reverse. The motors have three
power levels (high, medium and low), and are connected by long wires to the robotics
interface. The interface, in turn, is connected to the server.

2. Client computers: each of the four client laptops have a simple interface for wheel
control, enabling the user to turn his/her own wheel on and off, set the power level, and
toggle the direction of rotation of the wheel.

3. Server: the server receives information from the four client computers and controls the
robot-car accordingly. It also keeps a log of all the actions performed by the users.
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Clients

Figure 2 Diagram of the system, with its three components:
the client computers, the robot-car, and the server.

EXPERIMENTS

This framework for agent integration is not just hypothetical- we have implemented it in
several projects. (Blikstein, Rand & Wilensky, 2006; Rand, Blikstein & Wilensky, 2006). These
preliminary prototypes had human and virtual agents working together to guide a robotic agent
through a maze.

To extend those preliminary studies, we defined a methodological framework to conduct
experiments. First, we standardized the size of the track and generated three fixed mazes. We
also implemented a logging feature to capture keystrokes and mouse clicks from the participants.
Finally, we defined a sequence of four activities to propose to participants:

Act. 1. Maze with one obstacle, with communication — we tell participants that they
can talk to each other.

Act. 2. Maze with two obstacles, without communication — we tell participants that
they should conduct the activity in silence, although they can observe at each
other.

Act. 3. Maze with three obstacles, with leader. We randomly pick one of the
participants and ask them to lead the other ones.
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Act. 4. Maze with three obstacles, randomized. All wheels are randomized at the
beginning, so users don’t know beforehand which wheel they control. They have
to figure it out during the activity.

Two main sources of data were used: video data and log files of students’ interactions.
For the video data collection, two cameras were utilized, one fixed, facing the participants, and
one mobile, mainly facing the whiteboard and the robot-car. The log files recorded all of
participants’ interactions with the system.

DUSSIUE‘.—;‘ trajectory
+

robot-car

obstacle

robotics
controller —

HubNet server

Figure 3 Clockwise from the left: The experimental setup for Act. 1, the four participants, and
the experimental setup for Act. 2.

DATA ANALYSIS AND DISCUSSION

In previous work (Rand, Blikstein & Wilensky, 2006), we reported on a group of four
university professors and researchers that had great difficulties in successfully completing the
maze. We observed that inter-subject communications were confusing and out-of-sync with the
required speed of action, and users could not establish clear leadership. The group of professors
apparently underestimated the difficulty of the task and over-engineered their own strategies,
resulting in poor performance. For that study, however, the logging mechanism was not yet in
place, so our understanding of participants’ reaction was partial, based on their own utterances
and our observations of the robot-car. For the following study, with the logging mechanism in
place, a group of four computer science students was selected. We began the study with the
hypothesis that, being young students, they would be more spontaneous and communicate
extensively; being experts in computer science, they would try to engineer elaborate strategies to
control the car. Both of these hypotheses were proved wrong, and other results became apparent
from our data analysis, which we will explain below
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Fading inter-personal communication patterns

Participants started out communicating extensively during the first activity. The second
activity was supposed to be in silence, but even after communication was permitted again, on the
third activity, participants did not resume verbal communication: they were paying attention
exclusively to the car. Below is the transcript of the dialogue during the first activity, showing
that participants were able to devise a successful strategy and orally coordinate their activities:

John: | have a plan: Jim and I don’t do anything, you do it all. You guys are the front.
[after a few second, the car stalls]

Marcia: Uh Oh. More power.

John: Do you think you need us?

John: We need some back...

Marcia: Nice

John: You guys got it, you don’t need us.

Marcia: Great success, guys.

However, from the third activity on, there was barely any verbal communication. This
was in contradistinction to our initial hypotheses. Somehow the participants developed a
personal heuristic as to how to control their wheel which did not require communication. One
explanation is that they “read” other participants’ states and intentions through the state of the
car, with no need of explicitly asking questions. As we will show below, this explanation is
supported by both the post-interviews that we conducted with the participants and an
examination of the log files.

Diversity of personal strategies

Participants’ post interviews further corroborate the hypotheses of decreased oral
communication, since their self-reported strategies and heuristics did not include talking or
asking question of the other participants:

Edward: | was not paying attention to anyone; | was paying attention to the car. | was
just paying attention to my wheel. If | did something and it went bad, because another
person did something else, | would just go back to my previous state.

Jim: | did very little. I figured that if everyone was hitting buttons and moving forward,
the car wouldn’t go anywhere, so | waited for opportunities in which | was pretty sure |
would make a difference.

John: | was back-left, when | was on, the car would go to the right. When my thing is
going forward, the car would go right. If my thing is going backwards, the car is going
left.

Interviewer: But if the other guy is doing the opposite...

John: Then the car wouldn’t go anywhere. [long pause] That’s ok.

For John, looking at the car (which was exhibiting behavior that resulted from
aggregating each group member’s directives) and reacting to it on-the-fly was more efficient
than explicitly discussing strategies (which we observed in our previous study with the university
professors and researchers). Despite the car’s behavior being a collective construction, John was
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reacting to the resulting emergent behavior of the group, and not discussing every single
individual action. Jim had a very different strategy: he realized that, by simply doing nothing, the
car would probably achieve the same goal, since there was redundancy in the system — by
staying out, he thought he could help the group achieve the goal faster. Edward, conversely, was
very active, and devised a strategy of trial-and-error — if his move resulted in undesired behavior,
he would just undo the movement, without negotiating every move. In all three of these cases
the individual decision criteria is focused on the aggregate behavior of the car, and completely
excludes any involvement of the other participants.

Use of the different motor control commands

Additionally, the log files show that, notwithstanding the symmetry of the car, each user
had a different approach to their use of the six different commands. One commonality between
participants was observed: power-high, medium and low were used very infrequently. Two users
(back-right and front-right) realized that just leaving the motor on and using ‘reverse-direction’
during the activity was the most effective strategy. As the log files show, as time went on, these
participants employed this strategy with increasing frequency. John, who was controlling the
‘back-right” wheel, used ‘reverse-direction’, or ‘rd’, almost exclusively toward the end of the
study (Activity 3). Comparing the log files and the verbal data, we observed that this learning
process took place tacitly, without any oral communication between users. However, John was
conscious that he had learned an important technique, since when he was asked to lead the group,
on activity 3, he asked everyone to “turn on and just use reverse-direction”. Another surprising
observation was that, even after John asked all users to exclusively use ‘rd’, only those users who
had had a significant increase in ‘rd’ from activity 1 to activity 2 followed his advice. This can
be seen in the ‘rd’ lines on the plots in Figure 4. Compare the ‘rd’ lines of ‘back-right’ [John
himself] and “front-right’, as opposed to ‘back-left’ and ‘front-left.” One explanation is that two
of the participants employed their own personal theory on how to control the car and were
resistant to follow the directions of the leader. This hypothesis is further supported by the
aforementioned transcriptions of users’ self-reported techniques for car control.
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Figure 4 The use of each command over the four activities for each user (first four plots), the
overall percent of use per command for all users (bottom left, note the clear increase in the use
of reverse-direction), and the percent of actions per user (bottom right), showing an almost
uniform distribution, with the exception of user ‘back-left’.

CONCLUSION

The HEV-M framework and the implementation described in this paper proved to be a
useful tool in exploring the interactions and interoperability among human, virtual and physical
agents. We developed data collection tools and techniques that reveal tacit individual and
collective strategies for problem solving and communication. The approach of pairing verbal
data and log files described in this paper could enable other researchers to unveil unexpected
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communication and behavior patterns that would otherwise go unnoticed. For example, one
behavioral pattern that we observed was that users’ final strategy resulted in a focus on the car’s
actions and movements, instead of observing or communicating with the participants — despite
being in the same room. Surprisingly, a simple robot-car ended up mediating interpersonal
communication more effectively than oral discourse. Seeing as how the humans involved did not
actually communicate and seemed to settle on final strategies quickly, it might have been
possible to replace them with virtual agents able to observe the robot-car and make decisions
similar to the humans. As we have observed there would need to be different types of virtual
agents to represent the different human behavioral styles, but that is a simple task. These results
suggest that the nature of the agent controlling the device — human or virtual — could be of less
importance than is commonly thought. If this result is confirmed by further research, this could
be an important contribution to the study of human-computer interaction within the field of
agent-based modeling.
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ABSTRACT

Repast is a widely used, free, and open-source agent-based modeling and simulation
toolkit. Three Repast platforms are currently available, each of which has the same core
features but a different environment for these features. Repast Simphony (Repast S)
extends the Repast portfolio by offering a new approach to simulation development and
execution. This paper presents a model of physical infrastructure network
interdependency as an introductory tutorial and illustration of the visual modeling
capabilities of Repast S.

Keywords: Agent-based modeling and simulation, Repast, toolkits, and development
environments

INTRODUCTION

Repast (ROAD 2005; North et al. 2006) is a widely used, free, and open source agent-
based modeling and simulation toolkit with three released platforms, namely Repast for Java,
Repast for the Microsoft .NET framework, and Repast for Python Scripting. Repast Simphony
(Repast S) extends the Repast portfolio by offering a new approach to simulation development
and execution, including a set of advanced computing technologies for applications such as
social simulation. North et al. (2005a and 2005b), Howe et al. (2006), and Parker et al. (2006)
provide an overview of the Repast S runtime and development environments.

We use a model of networked physical infrastructure to demonstrate the visual design
capabilities of the Repast S toolkit and as an introductory tutorial. While the example is not
intended to model real phenomena, the model’s complexity is high enough to illustrate how the
user may develop multi-agent models.

It is important to note that Repast S and its related tools are still under development. This
paper presents the most current information at the time it was written. However, changes may
occur before the planned final release.

Corresponding author address: Michael J. North, Argonne National Laboratory, 9700 South Cass Avenue,
Argonne, IL 60439; email: north@anl.gov.



174

THE REPAST S MODEL IMPLEMENTATION BUSINESS PROCESS

As discussed in North etal. (2005a and 2005b), the Repast S model implementation
business process is as follows:

* The modeler creates model pieces, as needed, in the form of plain old Java
objects (POJOs), often using automated tools or scripting languages such as
Groovy.

* The modeler uses declarative configuration settings to pass the model pieces
and legacy software connections to the Repast S runtime system.

» The modeler uses the Repast S runtime system to declaratively tell Repast S
how to instantiate and connect model components.

* Repast S automatically manages the model pieces based on (1) interactive
user input and (2) declarative or imperative requests from the components
themselves.

The POJO model components can represent anything but are most commonly used to
represent the agents in the model. While the POJOs can be created by using any method, this
paper discusses one powerful way to create POJOs for Repast S: the Repast S development
environment. However, modelers can use any method—from hand coding to wrapping binary
legacy models to connecting into enterprise information systems—to create the Repast S POJO
model components.

Regardless of the source of the POJOs, the Repast S runtime system is used to configure
and execute Repast S models. North et al. (2005b) detail the Repast S runtime system, the design
of which includes:

* Point-and-click model configuration and operation;
* Integrated two-dimensional, three-dimensional, and other views;
* Automated connections to enterprise data sources; and

* Automated connections to powerful external programs for conducting
statistical analysis and visualizing model results.

SIMPLE PHYSICAL INFRASTRUCTURE NETWORK MODEL

A model of interconnected physical infrastructure networks is presented as an
introductory tutorial and illustration of the visual modeling capabilities of Repast S. The model
consists of a natural gas transmission and DC electric power network (Tatara et al. 2007b). The
natural gas transmission model consists of a network of interconnected links and nodes, where
the nodes function as delivery, receipt, and/or pipeline termination points, and the links function
as gas pipelines that transport natural gas between nodes. The DC electric network model
considers a balance of demand and generation given the transmission topology. The nodes in the
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electric network represent generators and load points, while the links function as electrical
transmission lines. The two networks are connected via links between the natural gas network
and gas-fired electric power plants (generators) in the electrical network. The simple networks
presented here will model propagation of pressure and power along the gas and electrical
networks.

VISUAL PROJECT CREATION AND AGENT DESIGN

While previous versions of Repast required the user to set up and configure an
appropriate integrated development environment (IDE), Repast S provides a preconfigured
Eclipse-based IDE such that no a priori programming experience is required to build a model.
Although the Repast IDE is aimed at novice developers, the full Repast S Java application
programming interface (API) and advanced IDE configuration options are available at any time.
Previously, Tatara et al. (2006) discussed using Repast S to create a model of wolf-sheep
predation through the Java API.

After the Repast S IDE is started, the user may choose to continue working with an
existing project or create a new project. The project creation wizard prompts the user for the type
of project to create (Figure 1). The user is prompted for basic project information such as the
project name (Figure 2). Additional project options are available to the advanced user, although
these options may simply be left as the default.

When the Repast project is created in the workspace, a set of project components is
visible in the package explorer, shown on the left side of Figure 3. These components include
things such as directories for storing user data and the project source code. Also visible in
Figure 3 is the Score editor, which specifies the hierarchical structure of the model contexts,
agents, and projections. Model elements are represented graphically in a tree, and components
may be added on a point-and-click basis. Once model elements have been placed in the Score
editor, their properties may be edited in the Properties window shown at the bottom of Figure 3.

After the model Score has been completed, the user may start creating the agent objects.
At this point, the advanced user may choose to create the agent classes using the Java API, while
those users not familiar with Java may chose to use the Repast agent editor. The agent creation
wizard is accessed via the package explorer and allows the user to create a number of Repast
objects (Figure 4). When a new agent is created (Figure 5), the IDE view switches to the agent
editor view as shown in Figure 6.

As discussed in detail in Ozik et al. (2007), the visual agent behavior editor, the new
project wizard and the new agent wizard are modified forms of Alexander Greif’s free and open
source Flow4J-Eclipse components (Greif 2006) that have been adapted specifically for agent-
based modeling. Greif (2006) has made the Flow4J-Eclipse system available under a BSD-style
free and open source license. The Repast project team has built on Greif’s contribution to create
the above-mentioned Repast S components. From the Flow4] home page, Greif (2006) states:

Flow4J is an Eclipse Plug-in for modeling process flows in a drag and drop manner. A
process flow can contain process steps (I call them flowlets), which can be linked
together [in]to a complex flow.
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Ozik et al. (2007) provides the details on what Repast has both inherited and
modified/adapted from Greif’s (2006) Flow4J-Eclipse system.

Like the Flow4J-Eclipse visual editor, the Repast agent editor itself consists of an
editable icon panel and a palette of behavior icons, which may be dragged into the edit panel and
modified. As discussed in Ozik et al. (2007), the icons are analogous to blocks in a flowchart that
may be connected in flexible ways to create the agent behavior logic. Figure 6 shows the creation
of an agent property “pressure” for the GasNode agent class. The property parameters may be
edited in the bottommost panel in Figure 6. The user is asked to specify a number of required
elements such as the property name, data type, and initial values, while several optional data,
such as a long description of the property, may also be defined.

Behaviors are defined by creating a behavior element in the workspace as shown in
Figure 7. The behavior element may be either a scheduled behavior or one that is event-driven.
The desired behavior for the nodes in the natural gas network is to react to changes in pressure
upstream. Therefore, the behavior at the gas nodes will be event-driven and caused by changes in
pressure from connected gas nodes.

The behavior block defines how and when the behavior occurs and not what actually
happens next. A Task block is used to define the active part of the behavior to which it is
associated (Figure 8). The Task block specifies what the agent does when the behavior is
triggered. Continuing with the gas network node behavior, the task should adjust the node’s
pressure based on the pressure of the upstream node. Finally, the behavior logic is terminated
with an End block as shown in Figure 8.

When the user saves the diagram, the Repast IDE automatically compiles the diagram
into usable code that may be immediately loaded into the Repast runtime without the user ever
needing to write Java code. The agent behavior editing step is repeated in this example (not
shown) for the electric network nodes, using power rather than pressure as the propagated
variable.
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RUNTIME AGENT CREATION AND DISPLAY DESIGN

After the agents have been created in the Repast agent editor, the runtime may be started
from the Repast IDE. Creation of user-specified data collection, output, and display may be
performed through wizards in the Repast S runtime. The runtime window contains a scenario
tree with contexts that branch from the main model context. The user may access each of the
underlying wizards by selecting any component in the tree. Generally, one would create the
components in the order of dependency: displays first, followed by data collection and data
output components. The runtime graphical user interface (GUI) elements have been discussed in
detail by Tatara et al. (2007a), and only the visualization elements will be discussed here.

Displays for two and three-dimensional spatial projections are created by selecting the
Displays branch in the scenario tree. The user must specify at least one spatial projection and
optionally one or more network projections or value layers. This demo uses a single two-
dimensional (2D) grid projection on which the physical network elements are placed. The
appearance of the agents is fully customizable and may be specified by the Agent Style wizard in
a display item as shown in Figure 9.

The network style editor (Figure 10) allows the user to specify how the network links are
visualized, including the line style, color, and width. Additionally, the line width and color may
be optionally specified by the agent properties. For example, a high-pressure node may be dark
blue in color and a low-pressure node may be light blue.

Additionally, the agent style may be defined by the agent style editor shown in Figure 11.
The agent style editor provides options in addition to color and size, such as 2D shape, label data,
and label font properties. The agent icon size may also be scaled according to a user-selected
agent property. Options for 3D styles include the ability to set the 3D shape, wrap texture maps
around the 3D shape, and load third-party 3D model files.

At this point, although the agent display styles have been created, no agent instances exist
yet in the runtime, and thus there is nothing to visualize. The user has several options in creating
agent instances, including loading from delimited or database files or by using the runtime
Repast agent editor shown in Figure 12. The Repast agent editor provides the flexibility and
power to create agents and arrange agents in the projections defined by the model. Agents may
be created, cloned, and deleted, and agents in the projection may be freely arranged in space. The
agent editor uses the styles defined for the display so that each agent type may be easily
distinguished from one another.

If the model contains network projection, as with this demo, the agent editor may be used
to connect the agents in the network by dragging connections between agents (Figure 13).
Multiple network types are supported, and the network being edited is selected from a drop-
down box. The network connections are styled on the basis of the specified styles for the display.
In the case where a 3D display is to be edited, the agent editor tool will re-project the 3D display
onto multiple 2D displays for editing. Figure 14 shows the connected infrastructure networks in
2D and 3D projections in the Repast runtime display.
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CONCLUSIONS

The Repast S runtime is a pure Java extension of the existing Repast portfolio. Repast S
extends the Repast portfolio by offering a new approach to simulation development and
execution. The Repast S development environment is expected to include advanced features for
agent behavioral specification and dynamic model self-assembly. Any plain old Java object can
be a Repast S model component. This paper presents an introductory tutorial and illustration of
the visual modeling capabilities of Repast S by using a simple model of interconnected physical
infrastructure networks.
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ABSTRACT

This paper discusses the integration of the dynamic object-oriented programming
language Groovy into the Repast Simphony platform. It shows how the integration of
Groovy benefits agent-based modeling in a number of ways, including its ability to
simplify agent behavior specifications, create expressive and human-readable code,
generate complex and adaptive agent behavior, and move between agent-modeling
environments.

Keywords: Repast Simphony, Groovy, agent-based modeling, dynamic languages

INTRODUCTION

Dynamic languages have gained popularity in recent years. Groovy (Konig et al. 2007) is
such a dynamic language with the added benefit of tight integration with Java and, hence, the
ability to integrate into the Repast (ROAD 2005) agent-modeling platform. Repast Simphony
(Repast S) is the latest extension to the Repast portfolio, a widely used, free, and open-source
agent-based modeling and simulation (ABMS) toolkit (North et al. 2005a,b). Repast S offers a
variety of approaches for developing and executing simulations, and it includes many advanced
features for agent storage, display, and behavioral activation and new facilities for data analysis
and presentation. This paper explores a few aspects of Groovy integration in Repast S.

A dynamic language such as Groovy is vital for implementing the next generation of
ABMS models, such as interpretive agent (1A) models. Although in most agent models, meaning
is stipulated by the model designer, interpretive agents are designed to discern and attribute
meaning from within the model and shape their communications and actions accordingly.

Groovy capabilities can help achieve such a design goal in multiple ways. Tasks can be
defined as closures and passed among agents as needed. Examples of such uses are commands or
directives, skills acquired through training, and the imitation of rituals. Each of these can convey
a closure to achieve its effect, and furthermore, the closure can be customized by context,
arguments, agent state, composition with other closures, or additional embedded closures. In
whatever way the customization is achieved, the effect is to calibrate the way in which the

*Corresponding author address: Jonathan Ozik, Argonne National Laboratory, Bldg. 900/DIS, 9700 S. Cass Ave.,
Argonne, IL 60437; e-mail: jozik@anl.gov.
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directive, specialty, or ritual is carried out in a particular situation. Similarly, the creative use of
iterators allows diverse agents to receive closures customized to their history and/or
circumstances.

The existence of metaobjects allows routine activities to proceed as expected while
possible changes in circumstances that would require the construction of a more innovative
response are monitored. The metaobjects allow agents to have unique or path-specific
capabilities or action orientations.

As such implementations of these dynamic capabilities are incorporated into Repast S,
the toolkit will be able, through Groovy, to provide systematic support for 1A models. An IA
reference application (Interpretive Heatbugs) has been ported to Groovy, to both explore such
capabilities and illustrate their use. All such innovations contribute to the forward potential of
social agent simulation and the tools necessary to its realization.

As an added example of Groovy/Repast S integration, we introduce ReLogo, a pathway
from the NetLogo (Wilensky 1999) “multi-agent programmable modeling environment” to
Repast S via Groovy. NetLogo promises easy entry into agent-based modeling for anyone: from
elementary school children, for whom it was originally designed, to advanced researchers.

ReLogo involves the creation of a NetLogo lexer and parser in ANTLR (Parr 1989) and
the emission of Groovy translations of NetLogo code. The interpreted nature of the NetLogo
language makes it especially useful to use a dynamic language such as Groovy as the target
language. The expressiveness of Groovy results in easily readable code that retains a lot of the
structure of the original agent code. As a consequence, the code can be easily extended and
modified within the Repast S environment.

This paper is structured as follows. Section 2 gives a brief introduction to the Groovy
dynamic programming language, focusing on the dynamic features that are most relevant to
agent modeling. Section 3 presents Groovy integration with Repast S, specifically focusing on
some aspects of the Repast S Agent wizard and the visual agent behavior editor, as well as the
use of Groovy categories to carry out a variety of mathematical operations, including automatic
unit conversions and matrix and calculus operations. The Groovy/Repast S port of Interpretive
Heatbugs is discussed in Section 4, which highlights some of the dynamic Groovy capabilities.
Finally, ReLogo is briefly presented in Section 5, and conclusions are given in Section 6.

It is important to note that Repast S and its related tools are still under development. This
paper presents the most current information at the time it was written. However, changes may
occur before the planned final release.

GROOVY

Dynamic languages (e.g., Ruby, Python, JavaScript, or Groovy) have gained popularity
in recent years. Features such as dynamic typing enable individuals and small teams of
programmers to rapidly develop applications and engage in prototype exploration, while test-
driven development mitigates the loss of type checking when moving away from a statically
typed environment (e.g., Java, C, or C++). Although it is not a characteristic of every dynamic
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language, there is usually a great reduction of boilerplate code, making the code much more
expressive and readable by humans.

An important point to note, though, is that a lot of the ongoing debate that pits dynamic
languages against static languages ignores the reality that some tasks are better done in a
dynamic environment and others in a static one. Moreover, when two languages share object
orientation, integration issues are more easily localized. Groovy steps into this “sweet spot,”
bringing advanced dynamic language features, such as closures, dynamic typing, and the
metaobject protocol, to one of the most widely used, robust, and well-supported (statically typed)
language, Java, via seamless integration. In fact, since JSR-241 (Java Specification Request),
Groovy is the second standard language for the Java platform (the first one being Java).

According to the Groovy Web site (http://groovy.codehaus.org/), Groovy:

“is an agile and dynamic language for the Java Virtual Machine”

e “builds upon the strengths of Java but has additional power features inspired by
languages like Python, Ruby and Smalltalk”

e “makes modern programming features available to Java developers with almost-zero
learning curve”

e “supports Domain Specific Languages and other compact syntax so your code
becomes easy to read and maintain”

e “makes writing shell and build scripts easy with its powerful processing primitives,
object-oriented structure and an Ant DSL”

e “increases developer productivity by reducing scaffolding code when developing
web, GUI, database or console applications”

e “simplifies testing by supporting unit testing “
o “seamlessly integrates with all existing Java objects and libraries”
e “compiles straight to Java bytecode so you can use it anywhere you can use Java”

There are a number of capabilities that Groovy brings to the realm of agent-based
modeling. First of all, closures allow agent behaviors to be specified as first-class Closure
objects. As taken from the Groovy Web site:

A closure in Groovy is an anonymous chunk of code that may take arguments,
return a value, and reference and use variables declared in its surrounding scope.
In many ways it resembles anonymous inner classes in Java, and closures are
often used in Groovy in the same way that Java developers use anonymous inner
classes.

The closures can be customized by context, arguments, agent state, composition with
other closures, or additional embedded closures. In whatever way the customization is achieved,
the effect is to calibrate the way in which the agent behavior is carried out in a particular
situation. In addition, closures can be passed around between agents, enabling agents to acquire
capabilities or learn from each other.
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The metaobject protocol in Groovy allows for the specification of agent metaclasses.
Metaclasses can be used to interrupt routine agent activities when changes of agent
circumstances require the agents to construct more innovative responses. Furthermore, with
Expando Metaclasses, agent classes can be modified as necessary at run time. These capabilities
allow agents to have unique or path-specific capabilities or action orientations.

Finally, Groovy’s tight integration with Java provides the ability to (a) seamlessly
incorporate Groovy into the sophisticated agent-based modeling platform Repast S and (b) take
advantage of the vast amounts of existing Java libraries that support agent-based modeling.

GROOVY INTEGRATION IN REPAST S
Visual Agent Behavior Editor

Repast S includes a point-and-click agent editor. The visual agent behavior editor, the
new project wizard, the new agent wizard, and related components are modified forms of
Alexander Greif’s free and open-source Flow4J-Eclipse components (Greif 2006) that have been
adapted specifically for agent-based modeling. Greif (2006) has made the Flow4J-Eclipse system
available under a BSD-style free and open-source license. The Repast project team has built on
Greif’s contribution to create the above-mentioned Repast S components. According to the
Flow4J home page (Greif 2006):

Flow4J-Eclipse is an Eclipse Plug-in for modeling process flows in a drag and
drop manner. A process flow can contain process steps (I call them flowlets),
which can be linked together [in]to a complex flow.

Flow4J-Eclipse used two types of “flowlets” (Greif 2006) — namely “Control Flowlets
like Start-, Decision- and Jump- Flowlets which are configurable in Eclipse” — that “tell “how’
the process should flow” and “Task Flowlets [that] accomplish a specific task that is wrapped in
a Java class,” which can come from many sources, including Java itself or “scripting languages
like Jython, Groovy, JavaScript, etc.” Grief (2006) notes the following:

After designing the flows in the Eclipse Plug-in, the flow’s Java source code is
automatically created, and is immediately ready for compilation and deployment
in a Java web/application. The flow’s generated Java source code is highly
optimized and lightning fast.... Web/applications can execute flows in two ways:
(2) from inside any Java code [and] (2) triggered by a HTTP request if the flow is
deployed in a web application.

The Flow4J-Eclipse editor works by presenting users with a flowchart-drawing interface
that is used to create a process diagram (Grief 2006). The process diagram is saved in a platform-
independent XML file. Following the Eclipse development model, the Flow4J-Eclipse system
registers a builder with Eclipse that is notified whenever a Flow4J-Eclipse XML file changes
(Grief 2006). This builder creates a Java source file from the freshly saved XML file. Eclipse
itself then automatically generates a Java binary class file from the new Java source code file.
The Flow4J-Eclipse system also includes an Eclipse wizard for creating new Flow4J-Eclipse
projects, an Eclipse wizard for creating new flowchart XML files, and supporting tools such as a
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project menu option to add the Flow4J-Eclipse nature to a standard project (i.e., activate the
Flow4J-Eclipse builder for the project).

Repast agent editor adapts Greif’s Flow4J-Eclipse to agent-based modeling in multiple
ways:

1. The Repast agent editor’s builder generates Groovy source code rather than
Java source code to take advantage of a number of Groovy features.

2. The Repast agent editor has enhanced the Flow4J-Eclipse property views with
step-by-step form-style inputs.

3. The Repast agent editor redefines the Flow4J-Eclipse flowlets to correspond
to agent behavior primitives and properties rather than “process flows”
(Greif 2006):

a. Flow4J-Eclipse “Flows” have been redesigned to support Repast agent class
definitions,including user input for super classes and implemented
interfaces.

b. Flow4J-Eclipse “Template Flowlets” have been redesigned as “Property
Components” to support agent attributes.

c. Flow4J-Eclipse “Start Flowlets” have been redesigned as “Behavior
Components” to support Repast scheduling and watchers (Howe et al. 2006;
Parker et al. 2006).

d. Flow4J-Eclipse “Task Flowlets” have been redesigned as “Task
Components” to support Repast agent activities.

e. Flow4J-Eclipse “Decision Flowlets” have been redesigned to use Groovy
logical conditions instead of Flow4J-Eclipse predicate lookup tables.

f. Flow4J-Eclipse “Call Flowlets” have been redesigned as *“Loop
Components” to loops instead of method calls.

g. Flow4J-Eclipse “Jump Flowlets” have been removed.

4. The Repast agent editor includes the ability to embed user-specified
comments into the generated Groovy source code.

5. The Repast agent editor’s XML storage schema has been modified versus
Flow4J-Eclipse to reflect the above-cited differences in the agent behavior
primitives and properties (Greif 2006). Furthermore, to differentiate the
contents, the Repast agent editor uses a different file extension for its XML
files than the Flow4J-Eclipse system.

6. The Repast agent editor automatically generates a set of supporting
components within each agent. For example, each generated Repast agent
class includes an attribute and method for automatically assigning the agent a
human-readable run time identifier.

7. The Repast system has expanded the functionality of the Flow4J-Eclipse
wizard for creating new projects by adding a variety of features, such as the
following:

a. Repast Score file input specification and generation has been added.

b. A large number of Repast-specific supporting files and directories are now
generated for tasks such as defining batch runs, defining legacy model
descriptors, and building model installations.
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c. Eclipse launch scripts are added for executing interactive model runs,
executing batch model runs, and starting Repast in default mode.

d. Repast library dependencies are included in the generated project.

8. The wizard for creating new flowchart XML files now creates Repast-specific
files.

9. The Flow4J-Eclipse nature has been modified to include Repast library
dependencies.

Figure 1 shows an example flowchart in the agent editor, while Figure 2 shows the
corresponding Groovy code. Please see North et al. (2007) for more details on how to use the
agent editing system.
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Figure 1 Example flow chart and Properties pane in the Repast S visual agent behavior editor
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--/**

*

* This Is an agent property.

* @Field happiness

*/

@Parameter (displayName = "Happiness', usageName = "happiness')

public def getHappiness() {
return this_happiness;

}

public void setHappiness(def newvalue) {
this.happiness = newVvalue;

}
public def happiness = 0;

/**
* This is the step behavior.
* @method step

*

*/
@ScheduledMethod(
start = 1d,
interval = 1d
)

public void step() {
// Define the return value variable.
def returnValue
// Note the simulation time.
def time = GetTickCountInTimeUnits();
// Use the Repast Simphony Groovy math tools.
use (MathOperations.mathCategories()) {
// Make a decision.
iT (happiness > 0.5) {
// This is a list task.
println "I1’m happy!";
} else {

}
// Exit this scope.

return;

Figure 2 Condensed parts of the automatically generated Groovy code corresponding to the
Repast S visual agent behavior editor flowchart in Figure 1
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JScience and Groovy Categories

JScience is a Java library developed to “provide the most comprehensive Java library for
the scientific community” (JScience 2005). Users developing a Repast S model could reference
the JScience library like they would any other Java library, but, as will be demonstrated below,
our intention was to make this process more user-friendly and create more human-readable code.
To do this, we employed Groovy Categories and simplified the use of a subset of the JScience
capabilities: the scientific unit and unit conversion modules and linear algebra modules.

Categories are useful for situations in which one would like to define additional methods
on classes that are not under one’s control. Specifically, a Groovy category is a class that
contains a set of static methods (called category methods). Each of these methods is made
available on the class of the method’s first argument. The following example helps to clarify
these concepts.

Figure 3 shows an example of the Java code needed to define Amount class objects x and
y with the values 2 kilometers and 5,000 feet, respectively, along with the calculation of their
sum, z, which properly accounts for the unit conversions by setting z to 3.524 kilometers.

Amount x = Amount.valueOf(2.0, SI.KILO(SI.METER));
Amount y = Amount.valueOf(5000.0, SI1.FEET);
Amount z = UnitsOperations.addition(x,y);

Figure 3 Java code utilizing the Amount JScience class

Figure 4 shows the Groovy version of Figure 3 using categories.

def x = 2_kilometers
def y = 5000.feet
def z = x +y

Figure 4 Groovy code corresponding to Java code in Figure 3 (at end z = 3.524 km)

This simplification is possible for two main reasons. The first is that Groovy (unlike
Java) allows one to override operators. Hence, in the example above, we were able to override
the “+” and the “.” operators, resulting in intuitive and human-readable code. The second reason
we can simplify is because we can enclose any lines of code within a closure and, by using the
use keyword and referencing the appropriate Groovy category, [for example,
use(UnitsCategory) {lines of code}], we can force the operators (or methods) within those
lines of code to be overridden by the category’s [in this case, UnitsCategory’s] static methods.
The lines of code in Figure 4 are located within such a closure.

In an analogous way, by using the MatrixCategory, which references the JScience linear
algebra classes, matrix operations (e.g., matrix addition, subtraction, multiplication, and
exponentiation) can be written in the simple syntax shown in Figure 5.
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defc=a+b
defd=a-»>b
defFe=a™*b
def £ = a ** 2

Figure 5 Matrix operations using Groovy categories (a and b are matrices)

In addition, we have also included a CalculusCategory, which allows for calculating
derivatives and integrals of closures.

Such capabilities are built into Repast S, enabling the model developer to tap into these
powerful functionalities and, at the same time, create human-readable and thereby more
maintainable code.

INTERPRETIVE HEATBUGS

The purpose of the 1A research program is to incorporate endogenous meaning attribution
as a means of orienting agent communication and action selection into agent-based modeling
(Sallach 2003). Interpretive Heatbugs (IHB) is an 1A reference application in which interpretive
mechanisms (prototype reasoning, situation definition, and orientation accounting) are
developed, illustrated, and made available to other researchers (see Sallach and Mellarkod 2005;
Mellarkod and Sallach 2005; Sallach and Ozik 2007). Similar to its widely known generic
heatbug predecessor (Swarm Development Group 1997), it is designed to provide a simple
introduction to the 1A paradigm.

IHB uses the familiar heatbugs environment, in which heat-emitting bugs require
temperate zones and flee from settings that are uncomfortably hot or cold. Because each bug
emits a small amount of heat, congregations of bugs initially create the needed warmth, while
overcrowding creates excessive heat. These competing influences give rise to the often-observed
complex, churning patterns. To this dynamic of temperature fluctuations driving the bug
movements, IHB adds the capability of bugs to ignore, engage in voluntary exchange with, or
undercut each other, and it also adds ethnic and religious identities that mediate the decisions to
help or hinder.

The IHB application explores the role of interpretation: in the use of force as a means of
improving bug circumstances; in the bugs’ decisions to request gifts of energy (a placeholder for
health and/or wealth); and in the decisions to convey all, part, or none of the energy requested.
These decisions draw on the projection of a bug’s comfort levels on others, as well as the
prototype categorization of all the bugs accessible for interaction. Of particular interest is the
emergence of endogenous evaluative classification in bug orientation and action.

Consistent with the concept of a reference application, the interpretive mechanisms that
support the acts of aggression, requests, and voluntary contributions are designed to support
comparable decisions in a variety of complex social applications (e.g., models of cultural
conflicts, such as genocide and ethnic cleansing, as well as diversifying markets and a range of
extended cultural processes). The IHB application, which was initially implemented in the
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J programming language (Iverson and Hui 1990), has been ported to the Repast S platform (see
Figure 6) by using Groovy’s dynamic capabilities and making these mechanisms available for
the development of increasingly socially “thick” and interactive agent models. What follows is
an illustrative set of examples of Groovy-isms used within IHB.

Figure 6 Screenshot of the 3D grid projection from the Groovy/Repast S port of IHB

The bugs make assessments of the bugs that they come into contact with. This involves
creating prototype clusters that group a bug’s known bugs into categories on the basis of each
bug’s idiosyncratic history and observations. The current implementation of IHB employs a
hierarchical agglomerative clustering algorithm for these groupings and uses the standard
Euclidean metric. However, it also includes the flexibility to introduce any user-defined metric
via closures, as is shown in the Groovy code snippet in Figure 7.

protected def cluster(int maxClusters, def ptsToCluster, Closure metric) {

}

Figure 7 Groovy code illustrating the cluster method taking a Closure object as a parameter
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Depending on the type of bug and its situated context, a bug will adopt a particular set of
behaviors for shoving, asking, and giving. As the bugs’ shove, ask, and give rules are all
implemented as closures, the bugs’ behaviors can be assigned and modified easily by using rule
dispatchers, which pass bug behaviors, specified as closures, to each bug as necessary. This
allows for not only a flexible way in which to determine bug behavior but also an intuitive and
straightforward way to encapsulate bug behavior, in a first-class Closure object, instead of
requiring a lot of scaffolding code (for example, in a method within a first-class object).

One of the most powerful uses of closures in IHB has to do with a bug’s more and all
methods. In many situations, a bug’s action is contingent on whether most or all of the bugs
under consideration fit some set of criteria, where these criteria are implemented as closures.
Instead of having to create different implementations of more and all corresponding to each
combination of the many criteria that a bug can employ, the set of criteria are passed to the more
and all methods as closures. Then Groovy’s handy iterating mechanisms interate the bugs
under consideration. This is a good example of using combinations of basic closures to
implement complex agent behaviors. The closures can be composed, combined, and reordered to
provide flexibility in creating new and adaptive agent behaviors.

RELOGO

ReLogo is a pathway from the NetLogo (Wilensky 1999) “multi-agent programmable
modeling environment” to Repast S that uses Groovy. As previously mentioned, NetLogo
promises an easy entryway into agent-based modeling (Wilensky 1999). Repast S is a very
sophisticated agent-based modeling platform, offering many advanced features for agent storage,
display, and behavioral activation and new facilities for data analysis and presentation, while
also allowing for the integration of external (legacy) models. Thus, ReLogo offers the ability to
go from an exceedingly user-friendly and intuitive environment for model development and
exploration in NetLogo all the way to the enterprise-level models developed in Repast S.

ReLogo involves the creation of a NetLogo lexical analyzer or “lexer” and parser in
ANTLR and the emission of Groovy translations of NetLogo code. The interpreted nature of the
NetLogo language makes it especially useful to employ a dynamic language like Groovy as the
translation target language. The expressiveness of Groovy results in easily readable code that
retains a lot of the structure of the original agent code. As a consequence, the code can be easily
extended and modified within the Repast S environment.

Although ReLogo is still under development, it is nonetheless possible to present a
simple example to illustrate some of the benefits of using Groovy. One of the most common
patterns observed in NetLogo models is that of sending a block of code to a set of agents. In the
following NetLogo code (Figure 8), rabbit agents are created, and a block of code specifying the
created rabbit’s color, position, and energy is sent to each created rabbit. (Note that the block of
code is interpreted by each rabbit individually; thus, each rabbit sets its own random position and
energy.) Implementing this type of behavior in the static Java language would result in
convoluted code that would be difficult to maintain or even read. Even if the resulting code was
brought over to the Repast S environment, editing, modifying, or debugging it would become an
unenviable task.
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create-rabbits number [
set color white
setxy random-xcor random-ycor
set energy random 10

Figure 8 Sample NetLogo code with code block (Rabbits Grass Weeds model)
(Wilensky 1999)

On the other hand, Figure 9 shows how this agent behavior can be implemented with
Groovy. The createRabbits method can take as parameters the number variable as well as the
code block (as a closure). As one can see, the resulting code closely mirrors the original code in
structure and in the function of the resulting code units, allowing the modeler to carry over many
of the mental constructs that may have developed during model development in the NetLogo
environment.

createRabbits(number){
setColor(Color.white)
setXY(randomXcor(),randomYcor())
setEnergy(nextintFromTo(1,10))

Figure 9 Groovy implementation of code example in Figure 8

CONCLUSIONS

This paper demonstrates the many benefits Groovy brings to the agent-based modeling
realm. Groovy integration in Repast S simplified the use of the visual agent behavior editor as
well as the incorporation of physical unit conversions, matrices and calculus operations into
agent-based models. The Groovy and Repast S implemented Interpretive Heatbugs reference
application demonstrated some of the flexibility and clarity achieved by the use of closures.
Finally, this papers shows how having Groovy as the target language greatly improves the ability
to move from the NetLogo to the Repast S environment via ReLogo. The authors believe that all
such innovations will contribute to the forward potential of social agent simulation and the tools
necessary for its realization.
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MODEL EXPLORATION MODULE
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INTRODUCTION

MEME stands for the Model Exploration Module of the Multi-Agent Simulation Suite
developed at AITIA International, Inc. MEME is an agent-based simulation tool enabling
modelers to design experiments, run models on clusters and grids of computers, and to
manage, analyze and visualize the data produced. Development of the tool begun in mid
2006 after the realization that there was hardly any software available being able to run a
large number of simulations, collect, organize and visualize their data for modelers with
limited programming skills. This paper gives an insight into the motivations of the
development and introduces the reader to the tasks and functions MEME is capabl e of.

Keywords: Agent-Based Modeling, Modeling Tools, Simulation, Experiment Design

MOTIVATIONS

Agent-based modeling and simulation based computational science demonstrates great
promise, but as Bankes and Lampert (2004) argues, so far it has lacked the rigor that is needed in
the scientific field and the robustness required in policy making. Models of complex social
systems typically depend on a number of assumptions, quantified in the form of specific values
to certain model parameters. Ideally, any such model should be tested with any meaningful
combination of these parameters, in order to determine the validity of the model or ensembles of
models. This process is often caled the parameter space search or parameter sweep.
Additionally the task of establishing the results statistical validity also involves running the
simulation with various random number generator seeds and analyzing the collected results.

* Corresponding author address: Marton D. lvanyi, ELTE-IKKK Simulation Center, Pazmany Peter Setany 1/C,
Budapest, Hungary, H-1117; e-mail: mivanyi @aitia.ai
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FIGURE 1 MEME is just an element of the Multi-Agent Simulation Suite (structure
diagram above).

Running simulations at this scale and complexity is from a computational point of view a
particularly intensive task. It is understood that it is essentially impossible to achieve complete
parameter space exploration. This creates a special emphasis on the design and sequencing of the
experiments, so that they allow for branching depending on earlier results and also for revisiting
previously explored areas with greater ‘resolution’. Even in case of carefully designed
experiment plans, these tasks may exceed the abilities of today’s PCs or workstations. Therefore
it would be desirable to distribute simulations among several computers on the network, on a
local cluster or a grid.

AVAILABLE APPLICATIONS

Standard ABM modeling packages like Swarm, Repast or NetLogo, all offer some
support for collecting results in “batch mode’, as opposed to the primary, ‘GUI mode’ running of
simulations. Swarm and Repast require (and support) modelers to create a distinct, ‘batch mode’
version of their models, offer a ‘parameter language’ to describe the regions of the parameter
space the user wishes to explore, and collect the results in a specially formatted text file. The
expressiveness of the offered parameter languages, however, limits the search strategies mostly
to regular hyper-parallelepipeds. In particular, no dynamic branching of the exploration is
possible, except by hand (i.e. processing the results of one batch and writing the next parameter
file appropriately). Furthermore Swarm doesn’t have a graphical user interface for designing
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parameter files, while the latest version of Repast has a simple GUI for parameter space
explorations.

NetLogo, on the other hand, provides a GUI for model exploration, but no parameter file.
None the less, the functionality of the tool is about the same as with Swarm and Repast. A
significant difference is that NetLogo does not require the user the create a dedicated batch
version of the model — at the price that by default NetLogo animates all displays and graphs
during parameter space exploration, thus slowing down its execution. Lately turning off displays
and graphs during batch runs has been introduced in NetLogo.

General-purpose, modeling package independent parameter space exploration toolkits
also exist, like Drone and SweepOver. However, they also share most of the problems discussed
above: they are typically highly technical, providing no easy-to-use user interface, but requiring
a kind of programming. Moreover, they are suitable for exploring the regular regions of the
parameter space (i.e. hyper-cubes and parallelepipeds), but not for adaptive branching, etc.

MODEL EXPLORATION MODULE

With the Model Exploration Module we want to provide a tool that makes the parameter
space exploration experience as smooth and trouble-free, in other words user-friendly, as
possible. In particular, modelers should be users and not programmers of this tool, who focus on
the modeling problem and not on the technicalities. The goal with the MEME development is to
provide easy means for the common parameter sweep tasks, while supporting model specific,
complex task in addition. MEME offers easy-to-use graphical user interfaces for all its basic
functions. The modeler can set up and run experiments from regular ABM models, execute batch
runs on clusters of computers, collect, organize, import, visualize and do basic statistics from
data through the GUI without having to write a line of code.

On the other hand the software offers advanced users optional scripting when setting up
the parameter sweeps or importing and organizing results for example. Scripting requires more
technical expertise from the user of course, as mentioned before it is optional, and was
introduced for modelers whose needs exceed MEME’s rich functionality.

The design and development of the tool is done in a modular way, with the components
communicating through well defined APIs, allowing for the seamless integration of new or
improved functionality. We have just recently started the Beta testing of a processing plug-in that
will allow the user to run simulations on local clusters of computers and a number of existing
grid solutions. We hope that this development will further reduce execution times, hence speed
modeling work up without requiring the modeler to develop any special grid knowledge or skills.

Experiment Design

Agent based simulation is usually related to studying the behavior of certain real
phenomena. In order to do scientific experiments various factors of long and large number of
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unattended simulations have to be observed. The simulation runs are executed on parameter

spaces that are pre-defined or better yet, as discussed latter on, intelligently identified during the
runs.

MEME currently offers solutions for designing experiments from models written in the
popular ‘Repast environment and FABLES — a simple modeling language and its integrated
modeling environment also by AITIA, see Gulyas and Bartha (2005) — without any additional
programming. MEME offers a graphical user interface that fully assists the modeler in the
process of setting up the experiments in a user-friendly way.

& Parameter Sweep demo 2loix]

Mudul suluction

Sulect model B (and eptionsl parameber fle) for Eslch nn

Perswter e (pthondy

Seled elements o rewordag

Varubles | Methods
F_soridSize : ik

g~ =F 3

P sooncn | (£t mcssden | [ mon |

<Back| [ cancel_.|

FIGURE 2 The parameter sweep wizard: selecting the model and required
packages, setting up the parameter space and the data recording attributes.

Regular (i.e. not explicitly batch version) Repast and FABLES models can be imported
into the application through a wizard that automatically identifies whether and which additional
classes and jars that are needed to run the simulations. The same wizard explores the model for
input and output parameters, lets the user create additional parameters if desired and provides the
interface for declaring a parameter space for the experiment. The interface also offers capabilities
to pick/add the variables whose values will be recorded and allows the user to define other data
recording attributes. Measurements can be done at the end of simulations or at any desired tick
count and in all cases measurements can record the actual value of the given variable, or the
result of simple statistic operations. For advanced users MEME also offers scripting for declaring

! The tool is also developed to be able to deal with other Java-based modeling languages in the future.
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entirely new variables that are results of various operations done on one or more of the original
measurements.

Upon completing these tasks a new model and the corresponding parameter file are
automatically generated from the original model with all the additional code necessary for
running the simulation with the desired settings either on a local machine or to be distributed set
as a set of simulation runs on a pool of available hosting computers.

Experiment Execution

The models and parameter files resulting from execution are forwarded to the respective
engines for running Repast and Fables models in batch mode. In this phase of development, only
‘brute-force’ exploration of regular subspaces of the parameter space is supported. The engines
are capable to run in a detachable, ‘head-less’ fashion. That is, after the GUI wizards have set up
the exploration schemes, the engines require no user interactions and are capable to run in the
background as separate applications, while providing means for the user to observe the incoming
results and oversee the general state of the experiment while executing a high number of
simulations.

Depending on the projected processing time of the batch runs the user has the option of
launching the simulations on a single computer, a local or a remote cluster of computers. The
module that distributes the simulation runs on the available computers was developed with
extreme care in regard to collecting and storing the results of distributed runs. The module is
prepared to re-instantiate runs to different computer once a host becomes unavailable or
corrupted results are returned. As various systems with similar (albeit not simulation tailored)
capabilities are already available, we did not intend to develop our own grid solution. To the
contrary, we have and are developing a grid module that is capable of running simulations on an
extendable list of distributed environments.

MEME currently is able to set up and run simulations with Inria’s open source ProActive
solution (Caromel et al. 2006) and the market leading Platform LSF family. These solutions
enable the modeler to execute sets of simulation runs on clusters of computers running on
Windows or Linux/Unix operating systems, using both shared and separated storage.

Storing, Organizing and Visualizing Simulation Data

The MEME stores simulation results in a database, that includes all fix (constant) and
changing parameters, and various additional information about the model (i.e. name, version,
description, etc.). The software has a built-in Java-based database engine that can manage
databases up to 8 GB in size, but the system is built in a way that it is independent of the

% Note, that ProActive is an SSH-based grid and as Windows platforms do not have a general SSH solution,
preparing a Windows cluster for MEME carries some additional challenges.
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particular SQL engine used, it supports professional database engines through the JDBC
protocol. The program organizes raw data in a 3-level hierarchy (model, version and batch), the
database-structure is created to be able to handle repeated exploratory runs, iterative, gradual
import of results (i.e. new parameters being introduced and old ones deleted between versions of
the same model).

MEME can obtain simulation results in two general forms. Results from batches of
simulations designed and ran through MEME are automatically acquired. The other option is
running simulations separately and then importing Repast result files or CSV files into the
database. The program supports multiple file import, organizing data into different versions or
batches under the same model. MEME distinguishes between input (i.e. values that do not
change in during a run) and output parameters in result files. Various import settings can be
saved if needed for later use, when importing data from a high number of simulations.

An important feature of model exploration is the processing of the available results. From
the results obtained and stored in the database, subsets can be created. These computed tables,
that we call ‘views’, can be described as tables, where variables (including parameters and
measured variables) are in the columns and particular value-combinations are in the individual
rows. Creating basic views for visualization and/or to be imported into other applications for
more sophisticated analysis includes selection of the variables to be included from the results,
plus specifying what model version(s) the variables be originated from.
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FIGURE 3 Creating a subset (views) of the original result data is done through a
wizard. The modeler is presented with various filtering and computational
options.
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MEME provides the modeler with advanced functionality in creating subsets of the
results database though. Conditional filtering, splitting (a generalized form of cross tabulation),
aggregating and reorganizing data are supported, as well as the creation of derived statistics and
custom computations typical of agent-based simulation, without any or with minimal coding.
View creation settings can be saved as xml files for later use.

Once the data is organized into the desired form it can be exported for analysis in
advanced statistical software of the user’s choice, or it can be visualized through MEME’s built-
in Charting Wizard. The Charting Wizard is built on the Visualizations Package that is an ABM
specific visualization tool developed by AITIA. It enables modelers to create visualizations for
their simulations quickly and conveniently without any coding. The program offers
visualizations® such as diagrams, grids and charts with both a vivid and rich design for
presentation and a basic, black and white mode that suites scientific publication better.

Future Developments

MEME is not intended to be a sophisticated statistical tool. Although MEME already
enables the user to export simulation results at any stage thus provide input as CSV files, further
plans of development include implementing interoperation with such software.

Currently MEME is only capable to run parameter space explorations on a standard
hyper-cube, thus allowing for interactive and incremental experiment design and execution. That
is, a first set of runs is processed and their results are evaluated, which allows the user to
determine the next set of runs. Ongoing developments include the introduction of intelligent
parameter space exploration, where the explored sample of parameter space is irregular and is
changing dynamically and adaptively.

The intellisweep capability is based on the meta-language we are currently working on,
that describes what parameter combinations to explore next. The key to the workings of the
intelligent parameter space exploration is the evaluation of results. Since this is always
application dependent, general solutions are very limited. Therefore the advanced user is going
to be provided with an integrated editor for developing call-back functions performing such
evaluations in MEME.

Also general exploration routines are planned to be developed. The idea here is that the
user defines a ‘statement’ about her results (i.e. the measured value converges/is always close to
X, or depends linearly on Y, etc.). This is then converted into an evaluator that scores the
measured value according its correspondence to the statement. The general exploration routines
of MEME will then minimize this correspondence (maximize the error in the statement) using
various and an extendable list of techniques (i.e. genetic algorithms, artificial neural networks,
ant colony optimization, etc.) .

® List of currently available visualizations: Various 2D grids, bar charts, histograms, network and sub-graph
visualizations, area-based chards, scatter plots, sequence visualizations and time series.
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The Model Exploration Module is a modular system; all major components are
decomposable and interchangeable. Hence in the future we would first like to extend MEME’s
import capabilities to reading result files from the MASON and JAS systems, then should
demand arise we will also introduce parameter sweeps for the above mentioned, or any other
Java-based modeling systems.
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MODELING COLLECTIVE COGNITIVE CONVERGENCE
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ABSTRACT

When the same set of people interact frequently with one another, they tend to think more
and more along the same lines, a phenomenon we call “collective cognitive convergence”
(C%). In this paper, we discuss instances of this phenomenon and why it is advantageous
or disadvantageous; review previous work in computational social science and
evolutionary biology that sheds light on C% define a computational model for the
convergence process and a quantitative metric that can be used to study it; report on
experiments with this model and metric; and suggest how the insights from this model
can inspire techniques for managing C°.

Keywords: Groupthink, cognitive convergence, social simulation

INTRODUCTION

When the same set of people interact frequently with one another, they tend to think more
and more along the same lines. We call this phenomenon *“collective cognitive convergence”
(C?), since the dynamics of the collective lead to a convergence in cognitive orientation.

C® is seen in many different contexts, including research subdisciplines, political and
religious associations, and even persistent adversarial configurations such as the cold war. Tools
that support collaboration, such as blogging, wikis, and communal tagging, make it ea5|er for
people to find and interact with others who share their views, and thus may accelerate C*. This
efficiency is sometimes desirable, since it enables a group to reach consensus more quickly. For
instance, in the academy, it enables coordinated research efforts that accelerate the growth of
knowledge.

But convergence can go too far, and lead to collapse. It reduces the diversity of concepts
to which the group is exposed and thus leaves the group vulnerable to unexpected changes in the
environment. Here are two examples.

In academia, specialized tracks at conferences sometimes become unintelligible to those
who are not specialists in the subject of a particular track, and papers that do not fit neatly into
one or another subdiscipline face difficulty being accepted. The subdiscipline is increasingly
sustained more by its own interests than by the contributions it can make to the broader
community or to society at large.

* Corresponding author address: H. Van Dyke Parunak, NewVectors, 3520 Green Court, Suite 250, Ann Arbor, Ml
48105; e-mail: van.parunak@newvectors.net.
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In military operations, the force-on-force orientation developed during the Cold War left
both the former Soviet Union and the United States ill-prepared to deal with insurgencies and
asymmetric warfare.

Groups that have undergone cognitive collapse will only produce output conforming to
their converged set of ideas, and will be unable to conceive or explore new ideas. In the worst
case, collapse may lead a group to focus its attention on a cognitive construct with little or no
relation to the real world. For example, highly specialized academic disciplines become
increasingly irrelevant to people outside of their own circle.

We became interested in this phenomenon by observing the increasing balkanization of
the research field of multi-agent systems.1 Since we work in the area of multi-agent simulation, it
occurred to us that some light might be shed on the phenomenon, and on how it can be managed,
with a multi-agent model. This paper presents some preliminary results.

Section 2 discusses previous work related to our effort. Section 3 describes our model,
and a metric that we use to quantify C*. Section 4 outlines a series of experiments that exhibit the
phenomenon and explore possible techniques for managing it. Section 5 suggests directions for
further research, and Section 6 concludes.

PREVIOUS WORK

Our research on C3 builds on and extends two previous bodies of work, in computational
social science and evolutionary biology.

In computational social science, our work merits comparison with Axelrod’s adaptive
culture model (Axelrod 1997) and its antecedents. What he calls “culture” corresponds to our
notion of an agent’s cognitive interests. Axelrod studied the transmission of cultural traits,
represented as the elements of a numerical vector, between neighboring agents distributed on a
2-D lattice. Agents had a chance, proportional to their cultural similarity, of copying a trait from
a neighbor. He found that a small number of large and stable homogeneous regions, or
“cultures”, would form. His work exhibits the emergence of disjoint regions of cultural
(cognitive) homogeneity as agents interact with those who are adjacent to them spatially. Our
model differs from his in several ways.

e His agents always interact with the same neighbors. Our agents can change their
interaction partners as a result of the system’s dynamics.

e His agents interact on the basis of spatial contiguity. Our model offers a much wider
range of drivers for interaction.

e The nature of the interaction in his model is the same at every round. Our model
modulates the strength of the interaction by the size and convergence of the emerging

group.

1 we are grateful to Simon Thompson for initial discussions that led to this project.
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C3 can be considered a cultural analog of biological speciation, and so we look for
insight to research in this field as well (see (Futuyma 1998) for a review). The most commonly
proposed speciation mechanisms are allopatric speciation, sympatric speciation, and parapatric
speciation. In allopatric speciation, genetic barriers gradually evolve between two or more
geographically isolated species. This might happen for instance between organisms living on
separate islands. These barriers could evolve either through natural selection or through other
means such as the founder effect (i.e., differences in genes between populations due to the small
sample sizes of the founding populations). This is analogous to different specialized
communities developing in isolation from each other in C3. One specific type of natural
selection that can cause speciation is sexual selection (Fisher 1930; Andersson 1994), a social
process by which female mate choice influences the evolution of male traits. In extreme cases,
this can become a runaway process that leads to extravagant features that are detrimental to
survival (thus leading to a shorter lifetime and fewer opportunities to mate). Similarly, in C3 a
social process can lead to the development of academic specializations with little practical
relevance.

In parapatric speciation, there is no discrete barrier between populations; individuals are
distributed along a geographic continuum and are separated by distance. Finally, sympatric
speciation refers to instances where a single population with no gene flow barriers divides into
separate species. While the relative importance and frequency of these speciation mechanisms in
nature are still heavily debated, the mathematical prerequisites for each mechanism have been
extensively studied; this work could be adapted to predict when and how C3 will develop, and
how it can be prevented.

There has also been much theoretical work done to study the amount of gene flow or
migration that is necessary to prevent isolated populations of organisms from diverging or losing
diversity due to genetic drift, or sampling error (Hartl and Clark 1989). Sewall Wright argued in
his Shifting Balance Theory that a subdivided population with intermittent migration could
exhibit more rapid evolutionary change than a single cohesive breeding population (Provine
1986). The mathematical frameworks for studying migration could be applied to modeling the
exchange of ideas or individuals between groups in C3, and the amount of exchange that is
necessary to prevent intellectual isolation.

A MODEL AND METRIC

We have constructed a simple multi-agent model of C* to study this phenomenon. Our
model represents each participant’s interests as a binary vector. Each position in the vector
corresponds to an atomic interest. A ‘1’ at a position means that the participant is interested in
that topic, while a ‘0’ indicates a lack of interest. At each step, each participant

e identifies a neighborhood of other participants based on some criteria (which may include
proximity between their interest vectors, geographical proximity, or proximity in a social
network),

e learns from this neighborhood (by changing an interest j currently at 0 to 1 with
probability pinerest = proportion of neighbors having interest j set to 1), and

e forgets (by turning off an interest j currently at 1 to O with probability 1 — Pinterest)-



One boundary condition
requires attention. If an agent has
no neighbors, what should Pinterest
be? We take the view that interests
are fundamentally social constructs,
persisting only when maintained.
Thus an isolated agent will
eventually  lose interest in
everything, and in our model, a null
community leads t0 Pinerest = 0 for
all interests. Alternative
assumptions are certainly possible,
and would lead to a different model.

We need a quantitative
measure of agent convergence to

study C® systematically. To derive
our measure, we cluster the
population hierarchically based on
cognitive distance between agents
(in our case, the Jaccard distance
between their interest vectors).
Each node of the resulting
cladogram forms at a specific
distance (the “diameter” of the
cluster represented by that node).
The root has the highest diameter.
In a random population of agents,
the distances at which lower-level
nodes join the tree is not much less
than the diameter of the root
(Figure 1), while in highly
converged populations, the
diameters of lower-level nodes are
much less than the diameter at the
root (Figure 2, where agents
grouped at diameter 0 have
identical interest vectors). Thus we
compute the ratio of node diameter
to root diameter (the *“min-max
ratio”) for each node, and use the
median of this ratio as a measure of
overall system convergence. A
ratio of 0O (as in Figure 1) means
that more than half of the agents
belong to groups within which all
interest vectors are identical.
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Figure 1 Cladogram of random interest vectors. The
median ratio of the dissimilarity at which a node joins the
tree to the dissimilarity of the root is 0.583.

1.0r

0.8

o
o

Dissimilarity
o
=

I
()

0.0f

74 86 81 93 92 91 89 8 84 8 78 75 8 8 80 76 77 90 87 797

Figure 2 A highly converged population, whose median
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Figure 3 Evolution of 20 agents with length-10 interest
vectors, neighborhoods defined by similarity > 0.5
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Figure 3 shows the behavior of this measure over a sample run of the system with 20
agents and interest vectors of length 10, where the probability of learning and forgetting is equal,
and where agents are considered to be in the same group if the similarity between their interest
vectors (the similarity threshold) is greater than 0.5. It takes only about 80 generations for the
median min-max ratio to reach 0. (A generation consists of selecting one agent, choosing its
neighbors, choosing with equal probability whether it shall attempt to learn or forget, selecting a
bit in its interest string at random, then if it is learning and the bit is O, flipping the bit with
probability prearm * Pinterest, OF If it is forgetting and the bit is on, flipping the bit with probability
Prorget * (1 Pinterest.)) Figure 2 shows the state of this system at generation 300. By generation 370
it has collapsed into two groups of completely homogeneous agents of sizes 3 and 17
respectively.

SOME EXPERIMENTS

Armed with this model

and metric, we can explore the 07}
dynamics of C? under a variety N
of circumstances. As we might | % -
expect, forming neighborhoods | . o5/ -
based on similarity of interest | § -
leads to rapid cognitive | z %¢ -
convergence. But surprisingly, | ol
other sorts of neighborhoods also | =
lead to convergence. 0.2
0.1
Things that Don’t Work 00 T T e
Generation

We might think that
highly tolerant agents, those that

Figure 4 Evolution with similarity threshold = 0

consider all agents their
neighbors, might be more robust
to convergence. Figure 4 shows
the evolution of the same | 96
population of agents when two 05
agents  consider one another | _ '
neighbors if their similarity is |% o4/
greater than O (that is, they have at | %
least one bit position in common). | Z 03¢
This configuration might be a |=
model for a conference that has 02t
only plenary sessions. The 01
population still collapses.
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as agents converge, their
neighborhoods increase in size.
Figure 5 shows the effect of

agents)

Figure 5 Fixed-size agent neighborhoods (four closest




defining an agent’s neighborhood
at each turn as the group of four
other agents that are closest to it.
This configuration models a
conference with separate tracks.
Though  agents base their
adaptation at each turn on only
20% of the other agents, the
population still collapses.

Figure 6 shows an even
more radical approach. Here an
agent’s neighbors at each step are
four randomly chosen agents.
Imagine a conference at which
papers are assigned to tracks, not
by topic, but randomly. In spite of

the mixing that this random selection provides, the population again collapses.
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Figure 6 Neighborhoods of four randomly-chosen agents

These figures differ in how long it takes the system to converge to a min-max ratio of 0.
The time to convergence is highly variable, even within a single configuration. Repeated runs
show that we should not assume that because (say) Figure 5 converges faster than Figure 4, small
groups will always lead to faster convergence than highly tolerant agents. The one constant
across all runs is that the system does converge, in fewer than 500 generations (often far fewer).

Introducing Variation

The collapse of agent interests is due to the lack of any mechanism for introducing
variation. Once the population loses the variation among agents, it cannot regain it. We have
explored three mechanisms for adding variation to the population: random mutation,
curmudgeons, and interacting subpopulations.

The simplest approach is
mutation. At each generation, with
some small probability pmutate,
after learning or forgetting, the
active agent selects a bit at
random and flips it. This
mechanism models spontaneous
curiosity on the part of agents.
Figure 7 shows an extended run
with parameters the same as in
Figure 3 (neighborhoods defined
by a similarity threshold of 0.5),
but with pmutate = 0.03. Mutation is
certainly able to reintroduce
variation, but the level is critical.
If mutation is too low (say, 1%), it
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is unable to keep up with the
pressure to convergence, while if 08 -
it is too high (10%), the
community does not exhibit any

convergence at all (and in effect | ©8 -

ceases to be a community). The |2

nature of its contribution follows a % o4l o - :

clear pattern. When it is in the |= | @ S : o
critical  range, the system |s . T . e 5

occasionally collapses to a min- 02l R

max ratio of O, but then discovers -

new ideas that reinvigorate it. ' LTh :
A curmudgeon is a non- 0 200 400 600 800 1000

conformist, someone who Generation

regularly questions the group’s

norms and assumptions. Recall |Figure 8 10% curmudgeons

that ordinarily agents learn by flipping a 0 bit to 1 with probability Pinerest, the proportion of
neighbors that have the bit on, and forget by flipping a 1 bit with probability equal to 1 — Pinterest-
To model curmudgeons, when an agent decides to learn or forget, with probability peyr,, it
reverses these probabilities. That is, its probability of forgetting when it is curmudgeonsly is
Pinterest (INstead of 1 - Pineerest IN the non-curmudgeonly state), and its probability of learning is 1 —

Pinterest.

Figure 8 shows the effect of 10% curmudgeons, again with the baseline configuration of
Figure 3. The system clearly converges, but seldom reaches a min-max ratio of 0. Furthermore,
Pcr Can achieve this balancing effect over a much wider range than pmytae. AS much as
researchers may resent reviewers and discussants who “just don’t get it,” curmudgeons are an
effective and robust way of keeping a community from collapsing.

The third source of
variation is even more robust. So 6
far, our agents have chosen a new
set of neighbors at every step,
based on their current set of
interests. What would happen if 12
we assign each agent to a fixed / \ S
group at the outset, using a fixed __— \
similarity threshold that allows
groups of various sizes to form? /

15

high, each agent will initially be a
group unto itself. With no
neighbors to reinforce its interests,
it will begin to forget them, and 11
the agents will independently
approach the fixed point of an all-
zero interest string.

1
If the threshold is very /
5

10 4 16 17 18 2

Figure 9 Neighborhood relations for threshold of 0.5
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If the threshold is very
low, all agents will form one large 06f
group, and converge as in Figure o
4, .

) ) 5 04

For intermediate | % )
thresholds, the agents form a |=o3f - _ _ -
number  of  neighborhoods. |3 _. A
Importantly, ~ some  agents | 02 ool cwETs T T ogmT o
(“bridging agents™) belong to o1 i i . R B
more than one neighborhood.
Figure 9 is a graph of the agents, oof . - . ,
with an edge between two agents 0 100 200 300 400 500
if those agents are neighbors of Generation
one another. Because
neighborhoods are fixed over the |Figure 10 Fixed neighborhoods induced by threshold 0.5

run, each neighborhood can converge relatively independently of the others, but the bridging
agents (in this case, notably agent 20) repeatedly displace each neighborhood’s equilibrium with
the emerging equilibrium of another group, a phenomenon noted by Page (Page 2007). As a
result, the system shows convergence without collapse (Figure 10). This mechanism, like
curmudgeons and unlike mutation, provides robustness against intermittent collapse. This system
reflects a community with subdisciplines, but subdisciplines that recognize the value of members
who bridge with other subdisciplines and exchange ideas between them. Such members are
likely to be tolerated better by subgroups than would curmudgeons, because the source of the
variation introduced by the bridging individuals is perceived as resulting from their
multidisciplinary orientation rather than their orneriness

NEXT STEPS

Our simple model has shown a surprisingly rich space of behaviors. A number of
directions for further work suggest themselves. For example:

e How can convergence be monitored in practice? Our metric, while effective for
simulation, is impractical for monitoring actual groups of people. One might monitor the
amount of jargon that a group uses, or lack of innovation, as indicators of convergence.

e We have suggested that convergence is a two-edged sword. What is the ideal degree of
convergence, to allow the production of specialist knowledge without compromising the
ability to escape collapse?

e How does convergence vary with group size? Recent work (Palla, Barabasi et al. 2006)
suggests that convergence in small groups requires specialized knowledge, while
convergence in large groups requires a general knowledge base.

e We have assumed homogeneous tendencies to learn, forget, mutate, or behave
curmudgeonly over all agents. How does the system respond if agents vary on these
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parameters? In particular, what is the impact of these parameters for bridging individuals
in comparison with non-bridging individuals?

CONCLUSION

It is natural for groups of people to converge cognitively. This convergence facilitates
mutual understanding and coordination, but if left unchecked can lead the group to collapse
cognitively, becoming blind to viewpoints other than their own. Experiments with a simple
agent-based model of this phenomenon show that seemingly obvious mechanisms do not check
this tendency. In the domain of academic conferences, these well-intended mechanisms include
plenary sessions, special tracks, or even random mixing. A source of variation must be
introduced to counteract the natural tendency to converge. Mutation is effective if just the right
amount is applied, but tends to let the system intermittently collapse. Curmudgeons are more
robust, but socially distasteful. Perhaps the most desirable mechanism consists of bridge
individuals who provide interaction between individually converging subpopulations.

Further understanding of C* could give important guidance in monitoring and managing
collaboration. For example, consider a team of analysts searching for information.

e |f a group’s searches are sparsely distributed in search space, guide more analysts to join
this group to cover more areas in this search space.

e If a group’s searches are not specific enough, artificially promote the splitting of groups
to create smaller, specialist groups (for example, by introducing specialists).

e |f a certain convergence threshold is reached (perhaps because the search space has been
exhausted), artificially introduce a curmudgeon to guide the group into a new area of the
search space.

e Ifina group only a few individuals drive convergence, artificially encourage less active
individuals to participate more.

e If in a group the majority of people prevent the exploration of novel areas in search
space, artificially encourage these people to be more adventurous.
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MODELING SITUATED ABSTRACTION:
ACTION COALESCENCE VIA MULTIDIMENSIONAL COHERENCE

D.L. SALLACH, Argonne National Laboratory and the University of Chicago

ABSTRACT

Situated social agents weigh dozens of priorities, each with its own complexities.
Domains of interest are intertwined, and progress in one area either complements
or conflicts with other priorities. Interpretive agents address these complexities
through: (1) integrating cognitive complexities through the use of radial concepts,
(2) recognizing the role of emotion in prioritizing alternatives and urgencies,
(3) using Miller-range constraints to avoid oversimplified notions omniscience,
and (4) constraining actions to ‘moves’ in multiple prototype games.

Situated agent orientations are dynamically grounded in pragmatic considerations
as well as intertwined with internal and external priorities. HokiPoki is a situated
abstraction designed to shape and focus strategic agent orientations. The design
integrates four pragmatic pairs: (1) problem and solution, (2) dependence and
power, (3) constraint and affordance, and (4) (agent) intent and effect. In this way,
agents are empowered to address multiple facets of a situation in an exploratory,
or even arbitrary, order. HokiPoki is open to the internal orientation of the agent
as it evolves, but also to the communications and actions of other agents.

Keywords: Situated agents, pragmatic hermeneutics, ontology

INTRODUCTION

When domains lend themselves to formal representation, the clarity and
inferential power that becomes available is rewarding, even seductive. Unfortunately, the
social domain manifests complexities that conventional formalism has been unable to
capture successfully. Both natural language and situated action are heavily dependent
upon context and based upon interactive interpretation by multiple participants. This may
pose the greatest challenge confronting the development of effective (as opposed to
suggestive or reconstructive) social models.

In part, the problem could be viewed as an issue of semantics, except that it
concerns not only communication but action as well. Thus, the domain is one of semiosis
(Hoffmeyer 1993), broadly conceived. That said, the issues that confront social action are
very similar to those recognized as semantic. Some of the key issues are summarized in
Table 1.
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TABLE 1 Semiotic complexities

Issue Description

Ambiguity Words and actions have a range of meanings and implications, and their sense
(Empson 1966 | may differ from person to person, setting to setting, and time to time.
[1930])

Vocality Multiple actors bring multiple interpretations, intentions, and actions to a
setting.

Fluidity Comprehending and responding coherently to a multivocal state means that both
situation and actor orientation are in dynamic flux.

Emergence In discourse, whether interpersonal or collective, meanings and purposes evolve
over time. Terms of the discourse are not fixed and, therefore, not definitive.

Thin Complex and dynamic processes require that, while coherence is necessary for

coherence effective communication and action, it is a situated, provisional achievement

(Sewell 2005) | that must be maintained.

The major premise of the present paper is that, in interpretive settings,
formalization and abstraction may not succeed if they are overly general. On the contrary,
in order for them to play the same clarifying roles that they do in natural domains, it may
be necessary to identify abstractions that are strongly and inherently situated; their
application may vary from case to case. They need to take forms that can be applied
‘from the inside out.” That is, the situatedness of such abstractions can be utilized to
refine and apply the insights that they carry. The paper discusses situated abstractions and
then introduces a new structure that may be useful in social modeling.

ABSTRACTION

The efficacy of abstractions depends on their ability to be mapped to domains of
interest in a regular way.! However, if a social domain is erratically dynamic, volatile,
and/or self-organizing, it is difficult to identify a formalism that can exogenously
represent its emergent patterns. Indeed, such a domain may require the use of endogenous
abstractions, abstractions that evolve via the interaction of multiple self-organizing
processes.

This insight is not new in sociology. Weber (1978) articulated formal organization
(bureaucracy) as an ideal type that can be conceptualized but does not exist empirically.
Subsequent generations of researchers found that the formalities of organization are
immersed in a milieu of informal interactions that shape the results of organizational
processes. Stinchcombe (2001) documents the role of interleaved informality in a wide
range of domains, including: (1) construction blueprints, (2) civil law and procedures,
(3) the commodification and liquidification of residential mortgage pools, (4) the

! This is not, of course, to deny that abstractions hold inherent interest, or that domains that are steeped in
abstraction, such as mathematics, do not discover abstractions, the utility of which are not obvious and may
not be known for some time.
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classification of aliens at border crossings, and (5)the stratification of scientific
knowledge.

In each domain, the informal and unscripted interaction determines how and in
what ways the relevant formalism is to be applied. Rules can be defined formally, but
decisions must still be made about when and under what circumstances it is appropriate
to apply them.

FRAMING INDEXICALITY

The Interpretive Agent initiative addresses such complexities in multiple ways
(Sallach 2003), including through: (1) integrating cognitive complexities through the use
of radial concepts, (2) recognizing the role of emotion in prioritizing alternatives and
registering urgencies, (3) incorporating Miller-range constraints in order to avoid
oversimplified notions of agent omniscience, and (4) constraining actions to ‘moves’ in
one of several prototype games.

Each of these mechanisms can be regarded as a facet of bounded rationality.
However, it is also necessary to define how situated agent orientations are framed and
refined such that they are dynamically grounded in pragmatic considerations and, at the
same time, linked to internal and external priorities.

PRAGMATIC DECISIONS

Humans can be conceived of as boundedly rational agents acting within a
complex world. While many models of cognition, intelligence, and/or action selection
focus on a single task, situated social agents weigh dozens of priorities, each of which has
its own complexities, urgencies, and timetable, with the latter sometimes being recurrent
or recursive. Further, actors frequently find that the domains of interest are (or can be)
intertwined, and that progress in one area either complements objectives from another
area or, alternatively, conflicts with other priorities.

From within the web of complexities, decisions must necessarily be made on a
pragmatic basis. This insight is not a new one. Graham (1989; see also Sallach 2007)
indicates that ancient Chinese ethical thought follows an ethical form that approximates
to [a] syllogism, applicable directly to concrete situations.

In awareness from all viewpoints, spatial, temporal, [social], and personal, of everything
relevant to the issue, | find myself moved toward X; overlooking something relevant, |
find myself moved toward Y.

In which direction shall I let myself be moved?
Be aware of everything relevant to the issue.
Therefore, let yourself be moved toward X.
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The quasi-syllogism is suggestive, but how might the web of complexities be
modeled? Historically, pragmatist philosophy has derived its orientation amidst situated
complexities (Joas 1993; Mead 1934; Peirce 1992 [1898]). One of major considerations
is the context that frames the relevant communication and/or action. In his overview of
semiotic relations, Peirce (1955 [1897]) describes context as follows:

A sign, or representamen, is something which stands to somebody for something
in some respect or capacity. It addresses somebody, that is, creates in the mind of
that person an equivalent sign, or perhaps a more developed sign. That sign
which it creates | call the interpretant of the first sign. The sign stands for
something, its object. It stands for that object, not in all respects, but in reference
to a sort of idea, which | have sometimes called the ground of the
representamen, ...

In this formulation, the ground defines the context of a semiotic process. Peirce
continues (1955), stating that the task of the ground is “to ascertain what must be true of
representamen... in order that they may embody any meaning.” Drawing upon
Wittgenstein (1958), Sheriff (1989) describes the ground as the ‘language game’ that the
actor is playing.

Peirce and Wittgenstein have each made important contributions to the ‘linguistic
turn’ of the twentieth century, and these have been brought into sharper focus by lines of
research they have inspired. In a formulation that draws upon both of their contributions,
and also follows the lead of Silverstein (2003), Blommaert (2005) introduces the concept
of “orders of indexicality.” This concept combines the idea that linguistic concepts and
signs are ordered and that they occur in stratified complexes. The model construction of
situated abstractions assumes a context defined by orders of indexicality.

Peirce’s other semiotic elements (representamen, object, and interpretant) have
also been deepened by subsequent work. In particular, the hermeneutic tradition
(Gadamer 1989; Palmer 1969), which emphasizes the reciprocal dependency between the
whole and the part has provided a new approach to the interpretive process. Shalin (2007)
has developed an embodied semiotics that incorporates symbolic discursive, somatic-
affective, and behavioral-component components, each with a particular relationship
between signs and their objects. The resulting rich hermeneutic process has the potential
to provide an effective focus for computational models of interpretation.

Now consider a social actor immersed in a wide range of relationships,
opportunities, persistent and situated purposes, etc. Suppose that these salient social
objects are represented using a Miller range of situated games (Sallach 2006b). Each
game provides a means of expressing problems and possible solutions, sources of power
and dependence, constraints and affordances, and possible actions and likely
consequences. Since these pairs (which may not be exhaustive) (1) are intrinsically
complex, (2) must be mapped by the actor to the relevant domain and the situated
particulars of that domain, and (3) have the potential to dynamically change each other’s
state, there is clearly a need for an endogenous coherence-seeking process so that such



235

games can be played with greater or lesser effectiveness. Designing a formalism to
support such dynamics is a challenge, and it is to this task that we now turn.

HOKIPOKI

HokiPoki is a self-organizing model of situated abstraction designed to shape and
focus agent orientations. The design integrates four pragmatic pairs: (1) problem and
solution, (2) dependence and power, (3) constraint and affordance, and (4) intent and
effect (agent action, as coalesced, lies between intent and effect) (see Figure 1). For each
couplet, the first pair member tends to indicate current effect, while the second can often
be seen in terms of prospective effects. As in the homophonous children’s song, each of
the four pairs can independently flip in and out of agent focus. In this way, the agent is
empowered to address multiple facets of a situation in an exploratory, or even arbitrary,
order.

Csolution)

Problem

Dependence
2oUBpJoYY

~.. (Coherence

ntent/Actio

_Effect >

FIGURE 1 HokiPoki as a model of situated abstraction

Parenthetically, the designated pairs should not be viewed as definitive or
exhaustive. On the contrary, the basic HokiPoki mechanism is designed to support
exploration of diverse situated constructs, components that may be substituted
exogenously by the designer or endogenously by agents within the model.

Notwithstanding the flexibility and expressiveness of the HokiPoki mechanism, a
question remains as to how the multiple foci and priorities are to be integrated. The
HokiPoki framework is guided by a dual internal/external coherence-calculation service
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that operates on lower-level “parts’ (cf., Sallach 2002; 2006a). The accomplishment of
both internal and external coherence allows a Miller range of priorities to be addressed by
toggling multiple current/prospective pragmatic pairs.

In application, each pragmatic pair will be defined relative to a particular problem
domain. Each paired term is treated as a prototype concept (Sallach 2003) and grounded
in a particular pragmatic domain. In interaction, agents are able to suggest (propose, etc.)
alternate priorities, emotional valences, and/or conceptual structuring. The implication is
that HokiPoki is open to the internal orientation of the agent as it evolves but also to the
communications and actions of other agents. The agents engaged in such interaction are
themselves represented within the orientation of each focal agent and, thus, their inputs
will be integrated accordingly.

Implementations of the HokiPoki mechanism seem likely to benefit from the
emergence of dynamic object-oriented programming languages such as Ruby and/or
Groovy. Implementation considerations will be considered in greater depth during the
presentation of this paper.

ARCHITECTURE AND MODELING ASSUMPTIONS

The HokiPoki architecture has two defining principles: (1) heterarchical,
pragmatically focused self-organization and (2) openness to both internal and external
interactions. The purpose of its framework is to allow these principles to be implemented
in a flexible, responsive, and dynamic way.

The application of the HokiPoki model to a particular domain requires the
structured coupling of components. Each of the pairs in the HokiPoki model is integral,
where each component (problem and solution, power and dependencies, constraint and
affordance, and intent/action and effect, respectively) is defined relative to its reciprocal.
For most domains, pairs are likely to require stochastic components.

In addition, there are domain-specific relations between pairs. An affordance, if
and when it appears, for example, may be part of a problem or a solution and will be
situated and need to be specified. Depending on the domain, more detailed structural
and/or data characterization may be necessary as well.

The integration of variegated dimensionality within a model has been described
previously (Sallach 2007) and so will not be described here. Pair-wise operations and
sequencing, however, will be described. On each turn, a pair examines both modes and
determines which of the two will contribute to the greatest increase of coherence, a step
which is then executed. Coherence-calculation is a service invoked by the activated pair.
Exogenous changes may have modified overall coherence since the previous pair focus.

The progression from one pair to another may employ different rules, ranging
from sequential to random order, to make-it/take-it, depending on the domain. Since
HokiPoki has a problem-driven architecture, when the necessary solution(s) have been
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achieved (or the specified number of iterations have been completed), the process
terminates.

DISCUSSION

The development of the HokiPoki model is an attempt to align social and
computational realities in a different way. Social actors are immersed in complexities that
bear directly or indirectly upon our condition. We must coherently organize
communications and actions that improve, maintain, or (if nothing else) manage the
deterioration of our circumstances. Our vantage point is from the midst of this field of
propensities, and this field is flux. As a result, our orientation field must be immersed in
complexity, and in flux, as well.

All of this is quite unwieldy from the perspective of most formal models.
HokiPoki is an embryonic mechanism that supports the dynamic self-organization of
agent orientation within complex and continually changing environments. It can be
applied to many domains, which points to the work that lies ahead. The experience
derived therefrom will provide the basis for further evolution of the mechanism.
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ABSTRACT

Nexus is an intelligent agent model focused on the support of social groups and
organizations for each other and blame for departure from a social contract as
evidenced by actions. It is a model of the attribution of blame for events based on
trustworthiness. Agents representing leaders of groups look for breech of contract
and keep track of a network of supporters. They choose whom to support
depending on interpretations of past events. They perceive events depending on
trust, reinterpreting past events in light of the present and visa versa. Nexus uses
a model of the Boltzmann machine neural network, for the mind of each agent. It
is based on interpretive social science, and the narrative paradigm in particular.
Results are presented on a study of an insurgency using data collected from
subject matter experts. This data includes support levels of ten relevant segments
of population for each other, ideological similarity between groups, relevant
historical events, and how groups might react towards the government if the US
comes in to help during a natural disaster. The point of the simulation is to
predict how disruptive the US aid would be if military personnel took an active
role. The output data is the level of support for every group for every other group.
It was found that, given historical events, a direct action by the US government
only cause one group to like the insurgency a little more than they would have
had the US government chosen an indirect approach to disaster relief..

Keywords: Interpretive Social Science, Narrative Paradigm, Boltzmann Machine,
Constraint Satisfaction, Social Simulation, Neural Network, Irregular Warfare,
Insurgency
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INTRODUCTION

Nexus is an agent based model designed to simulate scenarios of irregular warfare. It is based on
the narrative paradigm (Fisher), as agents look to relevant historical actions, current support
networks, and ideological closeness to create a coherent view which calculates support levels for
other agents. Agents try to make a story that is coherent with their historical context, and in
doing so, may minimize apparent facts that don’t make sense with the rest of the story, in
accordance with cognitive dissonance theory (Festinger). Nexus is used for irregular warfare
because the emphasis on contract keeping can be used for divisive strategies of nonviolent
conflict. It takes into account higher orders of support, so that present enemies that are potential
supporters, or present supporters that are potential enemies, may be identified.

THE MIND OF AGENTS
The Boltzmann Machine

The Boltzmann machine, a variety of the Constraint Satisfaction genre of neural networks, is
used to represent the agent’s minds, one for each agent. The Boltzmann machine is good at
representing interpretations and reinterpretations of evidence. For example, the Boltzmann
machine can model the interpretation of a Necker cube with a face as either in the front of the
cube, or in the back of the cube, but as not both at the same time. It does this by making the
belief that one vertice is in front evidence for believing or disbelieving that another vertice is in
front (Simon). In Nexus, the Boltzmann machine is used to represent an evolving interpretation
of evidence and blame, and its effect on levels of support. The paradigm shift, whether it be the
shift that occurs when seeing a Necker cube in a different way, or the shift that occurs when facts
are reinterpreted so that different parties are seen as responsible, is the same consonance seeking
process. Constraint satisfaction networks have been used successfully to model how people see
social situations (Duong and Reilly; Sallach; Thagard).

The basic agent of the Nexus model is the social group, which is a group of persons (whether
they are organizations or not). Each social group has one Boltzmann machine that it uses to take

all factors into account in its decision of whether it supports another social group.

The neurons in the minds of agents are of three types, as illustrated in figure 1.



ext Event Remove Event Do 100 fteratians Reset
s b alitic:

Consonance = 88 CIPragram

— N

7N

<

FIGURE 1 The Nexus GUI, of the neural mind of a single agent.
The nodes along the top layer have been put into an arch so that
their connections maybe seen. Connections are red for inhibitory,
and blue for excitatory. The columns represent the social groups.
The top layer contains the support nodes. The second layer
(which does not have connections between nodes) contains the
trust worthiness nodes. Each layer below that is for a single
historical event, and contains blame nodes corresponding to the
amount of blame a group is given for an event. To the left is an
input node, that holds objective evidence for the blame of each
group for events before the “spin” the mind will place on it.

The Nodes of the Network

1. Support : An node for the level of support for each other social group.

2. Trustworthiness: A node for how much each social group is perceived as a keeper of social
contracts.

3. Blame: A node for the belief that this social group performed a particular event, for every
(social group X event).

The Architecture of the Network

1. Support nodes. These nodes ou