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Abstract.  Multi-agent teamwork is critical in alarge number of agert applications,
including training, education, virtual enterprises and collective robotics. The com-
plex interactions of agerts in a team as well aswith other agerts make it extremely
dicult for human developersto understand and analyze agert-team behavior. It has
thus becomeincreasingly important to develop tools that can help humans analyze,
evaluate, and understand team behaviors. However, the problem of automated team
analysis is largely unaddressedin previous work. In this article, we identify seweral
key constraints faced by team analysts. Most fundamentally , multiple typesof mod-
els of team behavior are necessaryto analyze di erent granularities of team evernts,
including agert actions, interactions, and global performance. In addition, e ectiv e
ways of preserting the analysis to humansis critical and the presertation techniques
depend on the model being preserted. Finally, analysis should be independernt of
underlying team architecture and implementation.

We also demonstrate an approach to addressing these constraints by building
an automated team analyst called ISAA C for post-hoc, o -line agert-team analysis.
ISAA C acquires multiple, heterogeneousteam models via machine learning over
teams' external behavior traces, where the speci ¢ learning techniques are tailored
to the particular model learned. Additionally , ISAA C employs multiple presertation
techniques that can aid human understanding of the analyses.ISAA C also provides
feedbadk on team improvemert in two novel ways: (i) It supports principled "what-
if* reasoning about possible agert improvemerts; (ii) It allows the userto compare
di eren t teams basedon their patterns of interactions. This paper preserts ISAAC's
general conceptual framework, motiv ating its design, aswell asits concrete applica-
tion in two domains: (i) RoboCup Soccer; (i) software agert teams participating in
a simulated evacuation scenario. In the RoboCup domain, ISAA C was used prior to
and during the RoboCup'99 tournament, and was awarded the RoboCup Scierti ¢
Challenge Award. In the evacuation domain, ISAA C was used to analyze patterns
of messageexchangesamong software agerts, illustrating the generality of ISAAC's
techniques. We presert detailed algorithms and experimental results from ISAAC's
application. *

! This article signicantly extends our previous conference paper [25] and our
extended abstract [26].

p;‘w ¢ 2002 Kluwer Academic Publishers. Printed in the Netherlands.
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1. Intro duction

Teamwork hasbeena growing areaof agert researt and developmert
in recen years, seenin a large number of multi-agent applications,
including autonomous multi-rob otic space missions [10], virtual en-
vironments for training [35] and education [17], distributed resource
allocation [19] and software ageris on the Internet [34]. With the grow-
ing imp ortance of teamwork, there is now a critical needfor toolsto help
humans analyze, evaluate, and understand team behaviors. Indeed, in
multi-agent domains with tens or even hundreds of agerts in teams,
ager interactions are often highly complex and dynamic, making it
di cult for human dewelopers to analyze agert-team behaviors. The
problem is further exacerbatedin environments where agerts are de-
veloped by dierent dewelopers, where even the intended interactions
are unpredictable.

Unfortunately, the problem of analyzingteam behavior to aid human
dewelopersin understanding and improving team performancehasbeen
largely unaddressed.Previous work in agert teamwork has largely fo-
cusedon guiding autonomousagerts in their teamwork [13, 36], but not
on its analysisfor humans. Agent explanation systems,such as Debrief
[15], allow individual agerts to explain their actions basedon internal
state, but do not have the meansfor a team analysis. Recert work
on multi-agent visualization systems,sud as[21], has beenmotivated
by multi-agent understandability concerns(similar to ours), but it still
leaves analysis of agent actions and interactions to humans.

This article focuseson tools that assisthumansto analyze, under-
stand and improve multi-agent team behaviors by:

1. Locating key aspects of team behaviors that are critical in team
succes9r failures;

2. Diagnosing such team behaviors, particularly, problematic behav-
jors;

3. Suggestingalternativ e coursesof action; and
4. Presenting the relevant information to the usercomprehensibly

Basedon our initial e orts at building a team analyst, we arrived
at seweral important design constraints that should be addressedin
building such team analysts. First, unlike systemsthat focus on ex-
plaining individual agert behaviors [15, 29|, team analysts needto have
multiple perspectivesat multiple levels of granularity. It is sometimes
bene cial to analyze the critical actions of single individuals because
failures in these critical actions may have been extremely costly and

ISAAC-final.tex; 13/10/2002; 4:03; p.2



Automated Assistants for Analyzing Team Behaviors 3

hencecorrecting these failures can signi cantly improve performance.
In other circumstancesit is the collaborative agert interaction within
a small sub-team that is key in team successor failure. Here, analysis
may determine which sequencef agert interactions within the sub-
team contribute to the team's successor failure. And in some other
circumstances,an analysis of the global behavior trends of the ertire
team is important.

The secondkey constraint is that as assistarts to human usersand
dewelopers, team analysts must not only be experts in analysis, they
must also be experts in conveying this information to humans. The
constraint of multiple models has strong implications for the type of
preseration as well. Analysis of an agert action can show the action
and highlight featuresof that action that played a prominent role in its
succes9r failure, but a similar presernation would be incongruous for
a global analysis, since no single action would su ce. Global analysis
requiresa more comprehensie explanation that ties together seemingly
unconnectedaspects and trends of team behavior.

The third constraint is that team analysts should ideally be in-
dependert of the underlying team architecture and implementation,
to ensuregenerality of the analysis acrossteams and even acrossdo-
mains. In particular, by exploiting external behavior tracesof the team,
team analysts can understand team behaviors without necessarilyre-
quiring information on team internals. This bottom-up, data-intensive
approad is especially desirable in complex domains where a causal
model is weakor unknown. Furthermore, acquiring such causalinforma-
tion can be a signi cant bottleneck, if agens and teams are developed
by di erent dewelopers. Finally, such a bottom-up approac can reveal
unexpected patterns of interaction that are often of interest to dewel-
opers. This constraint doesnot imply ignoring \top-down" information
whereeasily available, but rather it stresseghe criticalit y of bottom-up
analysis.

Theseconstraints on team analysts have shaped the analyst we have
developed, called ISAAC. To addressthe rst constraint, ISAAC relies
on multiple models of team behavior, eat covering a di erent level of
granularity of team behavior. More speci cally, ISAAC relies on three
di erent modelsthat analyze events at three separatelevels of granu-
larity: an individual agert action, agert interactions, and overall team
behavior. To addressthe secondconstraint, multiple modesof presena-
tions are used, ead suited to the model being presened. For instance,
ISAAC usesa multimedia viewer to highlight individual agen actions,
but usesa natural languagesummary to explain the overall team per-
formance. The cortent for the summary is determined by ISAAC's
automated analysis of key factors determining team performance. To
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addressthe third constraint, ISAAC's three models are automatically
acquired via machine learning techniques like inductiv e decision tree
learning and learning of probabilistic nite automata (PFA) based
on external data traces of team behaviors. With multiple models, the
method of acquisition can be tailored to the model being acquired.

An additional novelty in ISAAC is the two techniques it usesto
suggestimprovemerns to a team. First, ISAAC presents alternative
coursesof actions using a technique called 'perturbation analysis'. A
key feature of perturbation analysisis that it suggestsimprovemerts
using actions within the agert's skill set, sincethis analysis minesdata
from actions that the team has already performed. Second, ISAAC
alsoaids in comparing patterns of behaviors of di erent teams. Suc a
comparisonalso provides suggestionsfor team improvemert.

ISAAC was rst extensiwely applied in the domain of RoboCup
soccersimulation [17, 22] (SeeFigure 1). RoboCup is a dynamic, multi-
agert ernvironment developed to explore multi-agent researt issues,
with agert teams participating in national and international annual
competitions. There are 11 agerts in ead team that act without any
certralized control and act in a complex, dynamic, noisy ervironment
managed by a soccer sener [22]. Agent-team analysis is posedas a
fundamental challengein RoboCup sinceteam dewelopers wish to un-
derstand the strengths and weaknesse®f teams and understand how
to improve such teams. There are at least 50 such developmert groups
around the world.

Figure 1. 2-D snapshot of a RoboCup soccer game.

ISAAC has attacked the team analysis challenge in RoboCup: it
has been applied to all of the teams from seweral RoboCup tourna-
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Automated Assistants for Analyzing Team Behaviors 5

merts in a fully automated fashion. This analysis has revealed many
interesting results including surprising weaknesse®sf the leading teams
in both the RoboCup-97 and RoboCup-98 tournaments. ISAAC also
provided team analysis and natural languagesummariesat RoboCup-
99. At RoboCup-99,ISAAC wasalsoawarded the \Scienti c Challenge
Award" for outstanding researt at a RoboCup tournament. ISAAC is
available on the web at http://c cach.isi.edu and is used remotely by
teams preparing for these competitions.

Although ISAAC was initially applied in RoboCup, ISAAC's tech-
niguesareintendedto apply in other team domainssuch asagert-teams
in foraging and exploration [4], distributed resourceallocation [19] and
battle eld simulations [35]. For instance, in this article, we demonstrate
the generality of ISAAC's techniques by applying it to the analysis of
communication actions of a team of software ageris [38]. The team is
engagedin the task of the simulated evacuation of civilians trappedin
a hostile territory . Here ISAAC can comparedi erent scenariosbased
on the setsof sequence®f messageexchangedbetweenagerts. ISAAC
could potertially be applied to seweral other domains, which we discuss
in Section?7.

Finally, given the state of the art of team analysistools, it is impor-
tant at this juncture to actually build working team analysts, to begin
to understand the key principles underlying sud systems.This is what
we have embarked upon with this investigation. ISAAC is a concrete
implemented team analyst that wasnot only usedby its developersbut
by an entire user community (in this case,the RoboCup simulation
comnunity), which provided valuable feedba&, and thus guided its
dewvelopmert. This investigation has already revealedimportant princi-
plesfor building future team analysts, such as multiple granularities of
analysis, multiple techniques of presenation, techniqguesto suggestim-
provemerts to agern teams, asdiscussedn the rest of this paper. These
principles appear to be applicable to other domains, as discussedin
section7. We expect that principles revealedvia suc investigationswill
evertually serwe as a foundation to build generaltheories for analysis
of agert teams and multi-agent systemsin general.

The rest of this paper is organized as follows: Section 2 preseris
an overview of ISAAC. Section 3-5 describes the three models used
in ISAAC for analysis. Section 6 preseris the ewvaluation and results.
Section7 demonstratesthe generality of ISAAC's techniques. Section8
describesrelated work. Section9 presernts a summary of the work and
identi es somedirections for future work.
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2. Designing a team analyst : An Overview

In order to addressthe three constraints on the designof team analysts
described in the previous section, we usea two-stagedapproad to the
team analysis problem. The rst stageis acquiring models that will
compactly describe team behavior, providing a basisfor analyzing the
behavior of the team. As mentioned earlier, this involvesusing multiple
models at di erent levels of granularity to capture various aspects of
team performance. The secondstageis to make e cien t use of these
modelsin analyzing the team and preserting this analysisto the user.
Later sectionsdelve into more speci cs of these models. An overview
of the entire processis shaowvn in Figure 2.

Multiple Models
Individual Key | cso Individual Perurbation | b dati
| Data Mining | Agent Actions Agent Model || s ecommendations
Current | Model output
1
Data Trace | Data Mining . - Request anal
Key Pattel_'ns ESA MU'“P'e Perturbation Near Misses Dlsplay to cuesLanses User
Of |nteract|0n learning Agent Mode| analysis User Presentation
N Model output T
PreVIOUS Data Mining L. :
Data Traces Statistics of | <50 Global Applytocurent) Natural Language
Engagements Team Model Summary

Figure 2. Flow Chart for ISAA C Model Generation and Analysis.

For acquiring team models, ISAAC relies on a bottom-up approac
using large data traces. Thesedata traces would be extremely di cult
for a human to read and understand much less analyze. There are
signi cant advantagesto relying on a bottom-up approad:

1. The analysisof team behavior will beindependert of understanding
the sourcecode of the team, thus increasingISAAC's generality by
ensuringthat the techniquesfor obtaining the team modelsare not
dependert on the speci c team being analyzed.

2. Requiring usersto enter a causal model that explains agens' in-
dividual and group behavior would have been extremely tedious
and di cult; indeed, given complex agert interactions in dynamic
ernvironments, the users themsehes may not have sud a causal
model available.

3. We are particularly interested in discovering novel and surprising
regularities in the data where the dewvelopers of the various teams
operating in the domain might be unaware of.

While this bottom-up approad thus o ers sewral advantages, its
one potential drawbadk is the absenceof a causal model. This draw-
bad, in some ways, is also a strong point, particularly in domains
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Automated Assistants for Analyzing Team Behaviors 7

where causalmodels may be impoverished or missing. ISAAC can use
a data intensive approacd even when it is unclear what factors cause
successThus, by design,ISAAC's analysisand advice relies on strong
correlational patterns seenin the team's data traces. Although corre-
lational, these patterns may nonethelessenable a user to draw useful
conclusionsabout di erent team behaviors. Indeed, the patterns may
uncover interactions with other agens, teams and the world that come
as a surprise to the designers.This is especially relevant in complex
domains with numerousinteracting agens.

Input to all models comesin the form of data traces of agent be-
haviors. In the current implementation of ISAAC, these traces have
beenuploaded from usersaround the world through the Internet. As
shown in Figure 2, acquiring the modelsinvolvesa mix of data mining
and inductiv elearning but is speci c to the granularity of analysisbeing
modeled.It isimportant to note that this learning is mainly in serviceof
explaining obsened team behavior to the usersrather than predicting
unseendata. Thus, for analysisof an individual agert action (individual
agentmadel) we userules obtained from decisiontreesto explain agen
behavior and alsoto suggestimprovemerts. For analysisof agen inter-
actions (multiple agent model), critical patterns are learned and their
frequencyof occurrenceis obtained. To dewelop rules of team successes
or failures (glokal team model), game level statistics are mined from
all available previous gamesand again inductive learning is used to
determine factors that correlate with successand failure.

In order to maximize human comprehensionthe presenation of the
models needsto be cateredto the granularity of the analysis. ISAAC
usesdi erent presenation techniquesfor the di erent levelsof analysis.
For the individual agert model, the featuresthat composea rule pro-
vide implicit advice for improving the team (i.e., somespeci ¢ features
were seento correlate with failure). To further elucidate, a multimedia
viewer is usedto shov casesmatching the rule, allowing the user to
better understand the situation and to validate the rules. Figure 3
shows ISAAC's multimedia viewer which displays the soccer eld and
plays from the game. The viewer can highlight key features specic to
ISAAC's analysis. In particular, the viewer highlights featuresempha-
sizedin arule. A perturbation analysisis then performedto recommend
changesto the team by changing the rule condition by condition and
mining casesof successand failure for this perturbedrule. Thesecases
from actual gamesare alsodisplayedin the multimedia viewer, enabling
the userto verify or refute the analysis.

For the multiple agert model, a nite automaton is learnedin order
to characterizethe patterns of agen interactions. A perturbation anal-
ysisis alsoperformedhereto nd patterns that are similar to successful
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L

patterns but were unsuccessful.Both successfulpatterns and these
\near misses"are displayed to the userasimplicit advice. In addition,
two teams can be compared basedon the probability distributions of
their critical patterns of ager interactions obtained from the learned
nite automaton. The di erences in thesedistributions may explain the
di erences in the team's performance. For example, if the comparison
betweena team that performs poorly and a team that performs well
shawsthat the distributions of their patterns are signi cantly di erent,
then this may suggestto the user techniques to improve the poorly
performing team.

Finally, the global team model alsousesdecisiontree learning, but it
requiresa di erent method of presenation. For the analysis of overall
team performance, the current engagemenh is matched against previ-
ous rules, and if there are matches, ISAAC presens the conditions
of the matched rule as the likely determining factors in the result of
the engagemenh A natural language summary of the engagemen is
generatedusing this rule for cortent selectionand sertence planning.
ISAAC makes use of the multimedia display here as well, linking text
in the summary to corresponding selectedhighlights.
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Automated Assistants for Analyzing Team Behaviors 9

Of the three modelsthat we have proposed,the multiple agert model
appearsto be the most well suited for the comparisonof di erent teams
of agerts. In cortrast, the individual agert model considersonly a
critical action by a single agert. Thus, it concerrates on everts at
too ne a granularity to considerit to appropriately characterize a
team. The global team model nds the featuresthat cortribute to the
succes®f teamsin general,and is not team speci c. The multiple agert
model, on the other hand, considerssequencesf collaborative and non-
collaborative actions of di erent agerts in a particular team that result
in the team adhieving a goal. These patterns of actions characterize a
team's behavior better than a single action performed by individual
agerts and hencethe multiple agert model was selectedas a meansof
comparing di erent teams.

We have empirically settled on the three levels of analysisin ISAAC
described above. They appear to cover the spectrum of activities that
are useful to analyze a team, starting with individual actions, to sub-
team interactions, to global team behaviors; and indeed, these levels
appear useful in the RoboCup domain. Howewer, it is not necessary
that all three levels be usedin all applications of ISAAC. Indeed, as
discussedin Section 7, we have so far applied one of the three ISAAC
models(the multiple agert model) in analyzing comnmunications within
a team of software agerns. A secondmodel (the global team model) is
also potentially applicable.

3. Individual Agent Mo del

This sectionexaminesthe rst of ISAAC's three models, which focuses
on key actions taken by individual agers and is speci ¢ to eah team.
In this and the following two sections,we rst provide a conceptual
overview of the model being analyzedand then discussits instantiation

in RoboCup.

3.1. Conceptual Overview of the Individual Agent Model

The evertual successor failure of a team is often determined by inter-
mediate successe®r failures during critical everts { events that may
be widely separatedin time and/or loosely connectedto ead other.
For instance, in a battle eld simulation, there may be many distinct
attacks on eneny units, which are critical to the team's evertual suc-
cessor failure, that are embeddedin a larger history of maneuwering.
The individual agen model focuseson such intermediate successesr
failure, analyzing actions of individual agenrs that play a critical role
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in sudh intermediate results. The goal is to learn a model of critical
individual actionsthat is usefulfor developersand other analysts. Thus,
this model should be both compact and easily understandable for the
human users. Furthermore, since we want to support improvemert to
teams, it is desirable to be able to engagein \what-if " analysis to
determine how small changesin the team could a ect performance.
Thus, the model should lend itself easily to such modi cations. This
could be very useful to a developer who is looking for hints on how to
improve the performanceof his/her team.

To construct such a model, symbolic approadesfor machine learn-
ing seemedmore promising than non-symbolic machine learning ap-
proaches like neural networks since the latter could result in a model
that is dicult for a human to comprehend. Amongst symbolic ap-
proaches,decisiontreeshave often beenusedfor agens' learning about
own decisions[32] (or for modeling others [8]) in the presenceof large
amournts of data. Howewer, unlike these approades that use decision
treesasa model of prediction of agert behavior in unseencaseswe use
decisiontrees as a model to explain obsened agert behavior. The key
insight here is that we wish to extract key featuresthat discriminate
betweensuccessand failure of critical actions| thesefeaturesarelikely
to be of most interest to agert dewelopers. Decision trees enableus to
extract sudch discriminatory features.We also userules extracted from
decisiontreesin \what-if " analysis, as discussedater in this section.

The algorithm for the individual agen model is described in Fig-
ure 4. The user submits logs of the team's behavior along with what
he/she considersto be critical events and his/her choice of features.
The MineLogs() function of the individual agen model then minesthe
logsfor positive and negative examplesof the critical events. The indi-
vidual agent model then usesC5.0to comeup with rules that explain
these examples.When a user selectsa particular rule, all those cases
of examplesthat satisfy this rule are obtained and user can chooseto
display any of these using the multimedia viewer.

This technique appearsto result in compact and easily understand-
able rules given a suitable choice of features. These rules and the
casesthey represen can be displayed to the user as implicit advice
on how individual agerts operate in critical situations. Currently, C5.0
is usedto form the rules of successand failure. (Note that C5.0is used
instead of C4.5, sinceits ability to assigndi erent costsof misclassi -
cations enablesa user to tailor the analysis, as explained in the next
subsection.)

At presen, we assumethat the identi cation of the intermediate
successand failure points is part of the domain specic knowledge
available to the individual agen analysis model. The other domain
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IndividualAgentModel(te am, logs, choiceOfCriticalEvents, features){

team: team for which the Model is being constructed;
logs: Logs of team's behavior;
examples <- MineLogs (logs, choiceOfCriticalEvents, features);
rules <- ApplyC5.0 (examples);
original_rule <- null; conditions <- {}; cases <- {};
dof
choice <- GetUserChoice ();
switch (choice) ({

case selectRule:

original_rule <- SelectRule (choice, rules);

cases <- GetCasesFromExamplegqoriginal_rule, examples);
conditions <- GetConditions (original_rule);
break;

case selectCondition:
condition <- SelectCondition (choice, conditions);

perturbed_rule <- PerturbRule (condition_to_perturb, original_rule);
cases <-GetCasesFromExamples(perturbed_rule, logs);
break;

case selectCase:
selected_case <- SelectCase (choice, cases);
DisplayCase (multiMediaViewer, selected_case);

break;
}

} while (choice != exitModel);
}
MineLogs (logs, choiceOfCriticalEvents, features){

examples <- extract positive and negative examples from logs based on

choiceOfCriticalEvents and features;

return examples;

}

GetCasesFromExampleqrule, examples){
examples: positive and negative examples of team's critical event behavior;
cases <- obtain snippets of logs corresponding to each example in examples;
return cases;

}

PerturbRule (condn_to_perturb, original_rule){
perturbed_rule <- rule obtained by modifying the original_rule by inverting
the test of condn_to_perturb;
return perturbed_rule;

}

Figure 4. General Algorithm for Individual Agent Model.
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speci ¢ knowledge that is provided to the individual agert model is
what featuresto use. The selectionof features must be suc that they
have the breadth to cover all information necessaryfor the analysis, but
should also be as independernt of eat other if possible.In addition,
it is important that the feature be an attribute that can be easily
understood by the team deweloper. In the future, a semi-automated
attribute selection may be used [7]. These features, along with the
decisionon what constitutes intermediate succes®r failure, arethe only
badground information or bias given to the individual agert analysis
technique.

In addition to the implicit advice mentioned above, we developed an
automated approac to \what-if " analysis basedon the perturbation
of the learnedrules, to provide explicit advice for team improvemert.
After ISAAC hasproducedrules determining which circumstancesgov-
ern successand failure classi cations, it usesa perturbation analysis
to determine which changeswould produce the most benet. Since
ead learned rule consistsof a number of conditions, seweral possible
approaciesto perturbations could be considered.One approac would
be to add or drop conditions in the rule. Another approac would be
to incrementally modify the tests in ead condition, for instance, by
increasingor decreasingthe numeric value being tested in a condition.
A third approad isto invert the attribute testin the conditions,i.e., an
attribute test T; in the original rule would be modi ed to : T; to create
a perturb ed rule. We usethis third approad, sinceit ensuresthat the
set of casessatisfying the perturb edrule will have no overlap with the
set of casessatisfying the original rule. Thus, if we invert a condition in
a rule that classi es failure examples,the resulting rule will no longer
satisfy any of thesefailure examples| it could thus form the basis of
good advice in improving the team. For instance, it is possiblethat the
resulting rule covers a signi cant number of successases.

Our approad to rule perturbations could lead to a large number
of perturbations however. In particular, a rule R can be expressedas
T1™ TN ™ Ty, a conjunction oﬁatests Ti where N is the number
of conditions in rule R. There are  }_; ﬁ (= 2N 1) dierent
non-empty subsetsof tests that can be inverted. To obtain a perturb ed
rule, all the testsin any one suc subsetshould be inverted and hence
2N 1 perturb ed rules can be obtained. Howewer, we restrict the set of
possibleperturbations to include only rules that result from reversing
exactly one condition. While changing more than one condition at a
time is not necessarilyundesirable,the spaceof perturbation that can
be done is now exponertial. In addition, we are more interested in
showing the e ect of making a small changein the presen behavior,
for example, how a changeto just a single condition of a failure rule
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results in transforming it into a successule. This will tell us how an

improvemert in performancecan be made with minimal e ort. Thus,

a rule with N conditions will result in exactly N perturbed rules. The

successeand failures governed by the perturbations of a rule are mined

from the data and examinedto determine which condition hasthe most
e ect in changingthe outcomeof the original rule, turning a failure into

a suaess This perturb ed condition provides explicit advice for team

improvemert. Sincethese casesare mined from the original data using
this perturbation technique, the recommendedchangesmust already be
within the agert's skill set. Furthermore, perturbations are guaraneed
to provide a non-empty set of examples.This is because|f there were
a condition that when reversedled to an empty set of examples,then

C5.0 would not have included that condition in the rule. In particular,

that condition would not discriminate betweensuccessnd failure cases
and thus would not be part of the rule.

As shown in Figure 4, in order to do \what-if " analysisthe usercan
chooseany one of the conditions of a rule to invert and thus obtains a
perturb edrule. ISAAC then minesthrough all the positive and negative
examplesof the team's critical evert behavior and returns those casesof
examplesthat satisfy the conditions of this perturb edrule. The usercan
usethe multi-media viewer to display any of these cases.An example
of applying perturbation analysisis presened in section 3.3.

3.2. Applica tion of Individual Agent Model to RoboCup

The rst stepin applying the approach to RoboCup is identifying the
domain speci ¢ information that would be usedby ISAAC as bias in
its analysis (in this article we assumethat the readeris somewhatfa-
miliar with the gameof soccer). In particular, in the RoboCup domain,
successneansoutscoring the opponert. Shotson goal are therefore key
points of intermediate succes®r failure astheseare situations that can
directly a ect the outcome of the game. Thus, the focus of ISAAC's
individual agert analysisin RoboCup is shots on a team's goal as well
as shots by the team on an opponert's goal.

Having de ned shots on goal as key everts, we needto determine
which domain dependert features might be useful in classifying the
succes9r failure of a shot on goal. After an initial set of experiments
with a relatively large feature set, ISAAC currently relies on a set of
only 8 features suc as velocity of the ball, distance to the goal, etc.
to characterize successeand failures in order to improve understand-
ability. Besidescriteria like coverageand independence,an important
criterion for selectionof the featuresto usewas the comprehensibility
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of the feature to human users.A complete list of featuresis shown in
App endix A.

Having determined which featuresto usein the analysisand the key
ewverts (the cases)to examine, the task is transformed to mining the
raw data and feedingit to the C5.0 decisiontree learning algorithm.
From the resulting decisiontree, C5.0 forms rules represerting distinct
paths in the tree from the root of the tree to a leaf classi cation of
succesqgoal-score)or failure (goal not scored). Each rule describesa
classof similar successesr failures. The resulting rules were found to
be compact and few in number. An evaluation of the rules generated
and their compactnessis preseried in section6.1.

Figure 5 showvs an examplesuccessule, describinga rule whereshots
taken on the Windmill Wanderer team will fail to score (Successful
Defense).This rule statesthat when the closestdefenderis su cien tly
far away (> 13:6m) and su cien tly closeto the shooters path to the
certer of the goal (< 8:98°), and the shooter is towards the edges
of the eld (> 40:77°), Windmill Wanderer will successfullydefend
against this shot. When viewed using ISAAC, the user can seethat
the defenderis far enoughaway to have su cien t time to adjust and
intercept the ball in most of thesecasesThusthe useris ableto validate
ISAAC's analysis. This rule provides implicit advice to this team to
keepa defendersu cien tly distant from the ball, or to try to keepthe
ball out of the certer of the eld.

Distanceof ClosestDefender- 13.6m
Angleof ClosestDefendemwrt Goal 8.981711
Anglefrom Centerof Field> 40.77474
I classSuccessfuDefense

Figure 5. Sample Rule from shots on Windmill Wanderer team of RoboCup-98.

The application of a decisiontree induction algorithm to this anal-
ysis problem must addresssome special concerns.The goal-shot data
hasmany more failure casegfailed goal shots) than successaseqgoals
scored). Howewer, analyzing such data using a traditional decisiontree
induction algorithm sud as C4.5 givesequal weight to the cost of mis-
classifying successeand failures. This usually yields more misclassi ed
successaseghan misclassi ed failure casesFor example,in our analy-
sisof shots by the Andhill team from the RoboCup'97 tournament, our
original analysis misclassi ed 3 of 306 failure cases(lessthan 1%), but
misclassi ed 18 of 68 succesxases(26%). Sincea much larger portion
of the succeszaseds incorrectly classi ed, this producesoverly speci c
rules that govern successcases.To compensatefor this lopsided data
set, the ability of C5.0 to weight the cost of misclassi cation is used.
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Speci cally, the cost of misclassifyinga successaseis setto be greater
than the cost of misclassifyinga failure case[40]. ISAAC usesa 3to 1
ratio by default, but this is adjustable.

More generally, di erential weighting of misclassi cation cost pro-
vides a medchanism for tailoring the level of aggressienessor defensiwe-
nessof ISAAC's analysis. Consider shots on goal against a team. If a
very high cost is assignedto misclassifying a successfulshot on goal,
the rules producedwill likely cover all successfukhots, and quite a few
misclassi ed failure casesln this case the rule conditions are implicitly
advising to make the team very defensive. On the other hand, if a low
cost is assigned,the rules may not cover all of the successfulcases.
Therefore, ISAAC would only give \advice" relevant to stopping the
majority of shots on goal. This may not be appropriate if we consider
any goalto be a seriousfailure. Therefore, we allow the userto adjust
the weight on successasemisclassi cations.

3.3. Perturba tion Anal ysis in RoboCup Soccer

As explainedin section 3.1, we considerperturbations that result from
inverting a single condition in the rule. Analysis of the perturb ed rules
and the caseghat satisfy theserules, may be usefulin identifying rea-
sonsfor unsuccessfubehavior and alsoto improve successfubehavior
further.

Perturbations of a failure rule enable usersto seewhat minimal
modi cations could be madeto agert behaviors to corvert the failures
into successMining instancesof perturb ed failure rules, the developer
determinesstepsthat could be taken to move the agert from failure to
successfulbehavior.For example, one of ISAAC's learned rules states
that whentaking shots on goal, the Andhill97 team often fails to score
when (i) ball velocity is lessthan 2.37 metersper time step and (ii) the
shot is aimed at greater than 6.7 metersfrom the certer of goal (which
is barely inside the goal). ISAAC revealsthat shots governed by this
rule fail to score66 times without a successfulattempt.

Now considerthe perturbations of this rule. In caseswherethe rule
is perturb edsuch that ball velocity is greaterthan 2.37 metersper time
step and the shot aim is still greater than 6.7 meters, Andhill scores
twice and fails to score7 times. In another perturbation, where ball
velocity is again lessthan 2.37 meters per time step but now shot aim
is equalto or lessthan 6.7 meters (i.e. shots more towards the certer of
the goal), Andhill is now scoring 51 times and failing to score96 times
(SeeFigure 6). Theseperturbations suggestthat improving Andhill97's
shot aiming capabilities can signi cantly improve performance, while
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trying to improve agerts' shot velocity may not result in a drastic
performanceincrease.

Kick-0Off EalicE
Ment Case it S
I_ Show Mumbers
shots more towards the center of goal j
Ball Yelocity ==2 371708125 il
Extrapnalated Goal Ling Fasition ==6.68745

Total Goals: &1

Figure 6. Perturbation analysis showing the Andhill '97 team scoring using a per-
turb ed shooting behavior. The rule was perturb edto cover shotstaken more towards
the certer of the goal.

Perturbations of succesgules are also useful. There are two reasons
for this. First, it allows ranking of conditions cortributing to success.
In particular, some changesto the rule will take a team further from
succesghan another. For example,ateam may succeed®5%of the time
when all the conditions are met. The percertage of successmay drop
to 50%if the rst condition is changedand down to 5% if the second
condition is changed. In this case,the deweloper may decidethat even
if the rst condition is not met, this is still the correct courseof action
while doing so if the secondcondition is not met is a bad decision.
The secondreasonwhy perturbing successrules is useful is that by
allowing the userto seehow the team succeedsr fails when conditions
in the succesgule are modi ed, more insight can be drawn asto why
theseconditions are important. At this juncture if it important for the
human userto determine if the factors that ISAAC comesup with are
truly the reasonsthe team is succeedingor failing.
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4. Multiple Agent Mo del

While the previous section focuseson critical actions of individual
agerts, it is also important to analyze the sequenceof actions (pos-
sibly including actions of multiple agens) that lead up to thesecritical
actions. Such analysismay for instancereveal that somesequencesre
more prone to successhan others. Therefore, we also needto model
the patterns of collaborative or non-collaborative interactions of seweral
agerts of the team that lead up to intermediate successesor failures).
Section4.1 provides a conceptual overview of our approach to learning
thesepatterns, while Section4.2 discussests application in RoboCup.

4.1. Conceptual Overview of the Agent Intera ction
Model

The multiple agent model is a characterization of key aspects of a
team's interactions where we once again use intermediate goals to
focus our analysis of key interactions. The characterization is in the
form of a set of patterns, ead with a probability of occurrence,where
the patterns consist of sequencesof abstracted actions of dierent
agerts that result in intermediate successegor failures). The proba-
bility distributions over patterns can be usedin two ways. First, the
probability distributions of these patterns enable developers to ched
for surprising, unanticipated patterns. For instance, patterns they had
speci cally engineeredmay have very low likelihood of occurrenceand
conversely unplannedfor patterns may have an unexpectedhigh rate of
occurrence.Second,ISAAC can comparethe probability distributions
of thesepatterns acrosstwo di erent teamsto determine whether they
are similar. This comparisonrevealsif the two teams are signi cantly
dissimilar in their approac to achieving their goals.If the comparison
of a less successfulteam with a highly successfulteam shows them
to be dissimilar, then this suggeststhat the less successfulteam's
performance could potentially improve by better enulating the more
successfukeam's strategy for agert interaction.

There are someimportant concernsthat must be addressedin ac-
quiring this model. First, the patterns needto support human compre-
hensionaswell asbeing able to di erentiate teams. In particular, some
di erences in agert interactions may be insigni cant with respect to
goal achievemert. Such di erences should not be allowed to complicate
the represenation of the patterns or obscurethe comparisonof teams.
For example, actions that immediately precede (sub)goals are often
far more signi cant than actions far removed. Further, as we look
farther away from the goal, we might expect increasing variance in
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agert actions. Thus we may want at times to usea learning approad
that considersonly a limited window of actions prior to (sub)goals.We
refer to the length of this window aswindow size

Second,someform of generalization will typically be required that
provides a compact represettation which suppressesrrelevant details,
again in support of comprehensionand comparative analysis. For ex-
ample, in soccer, if a teammate and scorer pass the ball badk and
forth to ead other repeatedly, the fact that it may happen 2 times or
3 times is not as signi cant as the fact that it happened repeatedly.
More generally it is often important that the pattern or ordering of
causalinteractions betweenactions not be violated whereasthe number
of repetitions of the pattern is often lesssigni cant. Thus, we would
like the learned patterns to generalizeover repetitions, but not over
other (potentially causal) structure. We refer to such generalization as
boundel structural genealization.

A nal concernthat must beaddressedn learning sequencesf inter-
actions is to maintain someinformation about the frequency distribu-
tion of di erent patterns of agen interactions, without over-generalization.
In particular, it is important to ensurethat generalization does not
surprise the dewelopers by creating non-existert patterns of interac-
tions (modulo bounded structural generalization). We refer to this
constraint as frequencydistribution accuracy constraint. Among other
implications, one key implication of this discussionis that we needan
approadc to learning that can be tailored. Tailoring allows us to err
on the side of consenative learning and then tailor the learning when
the patterns learned are too large or humerous for comprehensionor
e ectiv e corrast.

Thus, to learnthe sequencesomprisingthe agert interaction model,
ISAAC must beableto learn the probability distribution of the patterns
of team interactions basedon obsenation of the team's actions while
allowing tailoring of window size and structural generalization. One
proposedapproac to learning such patterns is to usedecisiontrees as
in section 3.1. Howeer, in our preliminary experiments this approat
failed for two reason.(i) It wasdicult to capture temporal sequencing
information in a exible way; (i) the goalisto nd classegpatterns)
and their frequenciesas opposedto identifying featuresthat discrimi-
nate betweenclassesA natural way to learn these patterns and their
distributions is by learning a probabilistic nite automaton (PFA). A
PFA is a good medanism for represeining a probability distribution
since it can be usedto determine the probability of the occurrence
of a sequenceof symbols. Seweral algorithms for learning deterministic
probabilistic nite automata (DPFA) and non-deterministic probabilis-
tic nite automata (NPFA) have beenproposedin the literature, e.g.,
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the APFA algorithm [28] and Crutch eld algorithm [9] for DPFA and
Bayesian state merging method [31] and Augmented Markov Model
[12] for NPFAs. To arrive at a model of the underlying distribution
they are trying to learn, these algorithms have to perform somegen-
eralization by either merging probabilistically similar states[28, 9, 31]
or by merging all states and then splitting those states that do not
accurately represen the data [12].

Although our approad to learning the agen interaction model was
inspired by the above general work on learning nite automata, our
initial e orts have led us away from general approades to learning
arbitrary automata. Instead, our initial focus has beenon deweloping
a learning approad that allows the learning to be modulated in ways
consistert with the constraints discussedearlier, speci cally window
size, bounded structural generalization and frequency distribution ac-
curacy. To this end, we have found that a represenation similar to the
pre x tree automaton represenation [1] to be appropriate. However, we
reversethis represenation. In particular, we reversethe direction of all
the edgeswith the goal state asthe root of the tree and add traversals
from a unique start state to all the leaf nodes(Note: This violates the
tree structure of the automaton but only at this unique start state).
In addition, we maintain information about frequency couns of eat
edge.We discussour approach more formally below, and discusshow
this approad could be extended to take into account the factors of
window size and bounded structural generalization.

The nite automaton ISAAC attempts to learnisde ned asG = <
S, A, L, ag, g > where,

1. S, asetof symbols si;sp;:::;Smw encourtered,;

2. A, a set of states (or nodes) a;;ap;:::;an Where eah state a;
consistsof the following:

a’, the symbol recognizedby state a;. &’ 2 S;
i, the state number which uniquely identi es the state.

3. ag, the Start State where state number = O and a3 = ;.

4. g, the Goal Symbol where g 2 S. The state that recognizesg is
referred to asthe Goal State;

the following:

Iif , state number of sourceof the link;
It, state number of destination of the link;
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l; , number of times the link was traversedwhile adding new
sequence®f symbols(frequencyof link).

No two links |; and |; are sud that Iif = ij 6 0.

The frequenciesof the patterns learned by the nite automaton are the
frequenciesof the links that beginat the start state, i.e., valuesof I, for

ead link, I wherelf = ag = 0.t is possibleto obtain the probability
distribution of the patterns of interactions from thesefrequencies.
Window sizeis de ned as follows:

Def: Window size of k indicates that for a string of symbols =
$1S2:::Si0, where g is a goal symbol, the sequenceadded to the
nite state automata will be s; x+1Si k+2 :::Sig wheres; 6 g,
s;60,...,ands; 6 g.

Bounded structural generalizationis de ned as follows:

Def: Boundea structural generlization of k implies that, for a se-
quenceof symbols s;s,:::s, being added to the nite state au-
tomaton, there doesnot exist any subsequence;si+1 :::Sj+m, Sud
that sjSj+1 :::Si+m iSidentical t0 Sj+ m+1 Si+m+2 :::Si+2m andm
kandl i (n 2m).

The algorithm for obtaining the multiple agert model is showvn in
Figure 7. Supposethe window sizeis setto k1 and the bounded struc-
tural generalizationto k2. First, the function ExtractSequences()ex-
tracts a sequenceof symbols of length equalto k1 that end with (inter-
mediate) goalsfrom the data traces. Next, to factor in bounded struc-
tural generalization, the function DoStructuralGeneralization() elimi-
nates repeating subsequence®f symbols from this sequenceprogres-
sively increasingthe length of the subsequencdeing seardied for from 1
to k2. The function AddPattern() then addsthe resulting sequenceso
the nite automaton asfollows: ISAAC traversesthe nite automaton
badkwards from the goal state searting for symbols in the sequence
oneat atime and increasingthe frequencyof ead traversedlink. Thus,
ISAAC determinesthe state, a; up to which the sequenceis already
learned. ISAAC then proceedsto add the portion of the pattern that is
not yet learnedto the nite automata at a;. While adding each symbol
of this portion of the sequencelSAAC creates a new state, a; that
recognizesthe current symbol and adds a link connecting a; to a.
The output of this algorithm is a nite state automaton that stores
the frequenciesof all the patterns learned. For obtaining the frequency
of a specic pattern, we rst nd the path from the start state to
the goal state that matches this pattern. The frequency of the edge
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from the start state to the next state on the path is the frequency
of the pattern. Window size determines the size of the pattern or in
other words the number of abstracted actions that are consideredas
being responsible for the team adieving its (intermediate) goal. The
choice of window size is application dependert. There are tradeo s
when choosing window size:

In many domains, actions that occurred closerto an intermediate
goal are likely to have beenmore responsiblefor the outcomethan
actions that happened further away from the intermediate goal.
Therefore a large window sizemay not be bene cial.

Choosinga very small window sizemight causesequenceshat are
actually very dierent to appear to be the same while choosing
a very large window sizeresults in sequenceghat are essetially
similar appearingto be di erent. Therefore, at very small window
sizes,teams may appear super cially similar, while at very large
window sizes,teams may appear super cially di erent.

Increasein window size can make comprehensibility dicult for
the human user.

Bounded structural generalization is used to capture repetitive sub-
sequenceswithin larger sequencesThis parameter appears related to
window size.For small window sizes,boundedstructural generalization
greater than zero may not be useful, asthere are unlikely to be repet-
itiv e subsequencest small window sizes.Howewer, for larger window
sizes,bounded structural generalization could be usedto capture suc
repetitiv e subsequences.

In addition to presering the results of the learned nite automaton
to the user,ISAAC usesthe agert interaction modelto suggestimprove-
merts in teams using two di erent techniques. The rst technique is
to compare two teams. To this end, ISAAC rst obtains frequencies
of patterns of agen interactions that resulted in successfor dierent
teams. Now, if the distributions of the successfupatterns for two teams
can be shown to be di erent we can concludethat the two teams are
dierent in the successstrategies. In order to determine if the two
distributions being similar, ISAAC treats the distribution with greater
variance asthe underlying distribution and the distribution with lesser
variance asthe obsened distribution. ISAAC then determineswhether
the null hypothesisthat the obsened distribution is drawn from the
underlying distribution, holds. ISAAC usesthe standard Chi-Square
goodnessof t method (Figure 8) to determineiif this null hypothesisis
true. The obsened frequenciesO; are frequenciesfrom the distribution
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CreateModel (team, logs, choiceOfKeylnteractions , winsize, structgen, goalSym){

team: team for which the Model is being constructed;

logs: Logs of team's behavior;

choiceofKeylnteractions : symbols to consider as key interactions;

winsize: value for window size;

structgen: value for bounded structural  generalization;

goalSym: symbol that indicates intermediate success or failure;

patterns <- DoStructuralGeneralization (ExtractSequences (logs, \
choiceOfKeylnteractions, winsize, goalSym), structgen);

SuffixTreeAutomaton <- CreateSuffixTreeAutomaton( patt erns, goalSym);

}

ExtractSequences (logs, choiceOfKeylnteractions, winsize, goalSym){
sequences <- Mine logs for strings of key interactions of length \
winsize starting from goalSym backwards;
return sequences;

}

DoStructuralGeneralizat  ion (sequences, structgen){
sequences: strings of symbols extracted from logs;
for each sequence in sequences{
pattern <- sequence;
for i <- 1 to structgen{
pattern <- replace multiple adjacent instances of identical substrings
of length i in pattern by a single instance of the substring;
}

patterns <- Add(pattern);
}

return patterns;

}

CreateSuffixTreeAutomat on (patterns, goalSym){
patterns: strings of symbols after bounded structural  generalization;
for each pattern in patterns
suffixTreeAutomaton <- AddPattern(suffixTreeAuto maton, pattern);
return suffixTreeAutomaton;

}

AddPattern (suffixTreeAutomaton,  pattern){

suffixTreeAutomaton <- add pattern to suffixTreeAutomaton;

/*()) determine the substring of pattern that is already present by
traversing backwards from goalstate. increment frequencies of all links
traversed.

(i) add a new branch consisting of states that recognize that substring
of pattern not yet present in the automaton.*/

return suffixTreeAutomaton;

}

Figure 7. Algorithm for Building Multiple Agent Model.
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with less variance and expected E; is calculated by considering the
underlying distribution to be the one with greater variance. If the 2
valued obtained is greater than the 2 value for 95% certainty limit,
ISAAC discardsthe null hypothesis.

P
2= K, (O E)*=E
whereQ; is the observedrequencyfor patterni and
E; is the expectedfrequencyfor patterni.

Figure 8. Chi-Square Goodnessof Fit Test

The Chi-Square Goodness of Fit Test is a valid choice for com-
paring teams. Clearly, parametric tests like the t-test and analysis of
variance would be di cult to apply becausethey assumethe underly-
ing distribution is normal. The Chi-Square Goodnessof Fit Testis a
non-parametric alternative.Furthermore, unlike other non-parametric
methods like the Kolmogorov-Smirnov and Anderson-Darling tests,
which are restricted to corntinuous distributions, the chi-square test
can be applied to discrete distributions.

Using this method it is possibleto determine if two teams are dis-
similar under the assumption that the ervironment they operated in
was the same. (Alternativ ely, it is also possibleto determine if the
ervironments are dissimilar given that the sameteam is being com-
pared under di erent settings.) If a team that performspoorly is found
to be dissimilar to a team that performs well, the probability distri-
butions of the patterns of these two teams may suggesttechniques
to improve the poorly performing team. The following subsectionwill
provide examplesof applications of this technique.

The secondtechnique that ISAAC usesto suggestimprovemert in
teamsis perturbation analysis. The goal of perturbation analysisin the
agert interaction model isto nd unsuccessfupatterns of subteamin-
teraction from the data tracesthat are similar to the successfupatterns
learnt by the nite automaton. Theseunsuccessfulpatterns, which we
referto as"near misses",help the userscrutinize the di erence between
successfuland unsuccessfulpatterns of interaction. In order to do this
perturbation analysis, ISAAC beginswith the patterns learnedas part
of the nite automata (which lead up to success).It then mines new
patterns from the behavior tracesthat are very similar, and yet end in
failure. For instancegiven an n-step pattern learnedaspart of the nite
automaton, ISAAC may mine new n-step patterns, where the rst n
-1 steps are "similar" to the pattern from the nite state automata
but where the last step is dissimilar. By "similar" we mean that the
values of the attributes of the step from the new pattern lie in the
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samerange as the attributes of the step of the successfulpatterns in

the nite automata. The perturbations are restricted to the last step
where ISAAC explicitly makes sure that one of the attributes of the

state are not in the range of attribute valuesfor that stepin successful
patterns. For instance, if "angle" is one attribute of the state, then the

perturbation ensuresthat the "angle" rangeis kept the samefor all the

steps, except for the last step where the angle range is not enforced,
thus leading to a perturbation.

Since these "near misses” are almost the same as the successful
patterns but for the last step, team dewelopers can determine what
attributes are useful in the last step to make an unsuccessfulpattern
into a successfupattern.

4.2. Applica tion of Method to RoboCup Soccer

In RoboCup soccer a goal occurs as a result of a sequenceof kicks by
one or more players. It is not only the last kick that is responsible for
the goal but the actions of the di erent agerts who interacted just prior
to the goal. Thus, in order to analyze the performanceof a team, the
multiple agert model is important.

The rst step necessaryto apply the agert interaction model to the
RoboCup domain is the determination of the patterns to examineand a
notion of succesor failure of thesepatterns. We again usea soccergoal
asa notion of successWe considerthe sequencef actions (kicks) before
the ball enters the goal to be the pattern. The feature of the action
that is consideredimportant is the player who performed the action.
The player can be one of shooter (the last player, from the team which
scoredthe goal, to kick the ball), teammate (any other player, from the
team which scoredthe goal, who kicked the ball), opponert (any player
from the team against whom the goal was scoredwho kicked the ball).
This feature selectionis oneimportant aspect of generalization. We do
not considerself goals(when the player kicks the ball into his/her own
goal) becausesuch goalsare presumably unintentional.

Before applying the learning algorithm we have to determine values
for both window size and bounded structural generalization. We can
then usethe learning algorithm describedin Section4.1to learna nite
state automaton that recognizesall the successfupatterns along with
their frequenciesof occurrence.Looking at the probability distributions
of scoringpatterns of teamsrevealsmore about the team's scoringstrat-
egy This can be bene cial to dewelopers of this team and aswell asfor
opposition teams. It is also possibleto comparethe scoring strategy of
di erent teamsbasedon the probability distribution of thesepatterns.
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Window size in the caseof RoboCup is the number of kicks we
considerto bein the pattern. It would appearthat in a sequencef kicks
that result in a goal, the kicks that happenedearlier are lessresponsible
for the evertual goaltaking place. This suggestghat increasingwindow
sizetoo much will not be useful.

The user can chooseany value of window sizethat satis es his/her
needsbetter. We have selectedwindow sizeto be 3 basedon the number
of patterns generated,the comprehensibility to a human user and the
fact that the e ect that a kick had on a goal lessenswith the temporal
distanceof that kick from the resulting goal. Figure 9 shows the number
of di erent patterns obtained (Y-axis) asthe window sizeis increased
(X-axis), for the top eight teamsat RoboCup-98. A window sizeof two
givesonly amaximum of 3di erent patterns| opponent! shooter!
goal (opponert kicks the ball to the shooter, who scoresthe goal),
teammate ! shooter! goal (teammate passeghe ball to the shooter,
who scoresthe goal) and shooter ! shooter ! goal (shooter kicks
the ball to himself before scoring the goal). This is clearly too little
to analyze teams based on their interactions. Yet as can be seenin
the gure, for window size equal to 5, the teams have an average of
16.75di erent sequenceswhile one of the teams has as many as 29
di erent patterns. This may make the analysisdi cult to comprehend
for a human. With an averageof 6.63 di erent patterns per team, the
window size of 3 appearsto be a reasonablechoice.

35

30 -
25 | /

20 | /

—A— average
—& -maximum

15

10

Number of Patterns

Window Size

Figure 9. Number of Patterns vs. Window Size for the top 8 teams of RoboCup-98.
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In the caseof RoboCup Soccer we choosebounded structural gen-
eralization to be 0 becauset seemsunlikely that subsequencesvill be
encourtered within sequencesvhen window sizeis equal to 3. Also, if
bounded structural generalization were greater than 0 we might have
a situation whereit becomesdi cult to di erentiate betweentwo very
di erent patterns.

From the nite automaton of ead team we canobtain all the learned
scoring patterns along with their frequencies.With this information,
we can rst examine teams by themseles. Consider the example of
the Windmill Wanderer team from RoboCup-98. Windmill Wanderer
scoredl7 goalswherethe shooter dribbled in beforethe shot (shooter !
shooter! shooter! goal) and another9 goalswhereateammate con-
trolled the ball beforepassingto the shooter (teammate ! teammate !
shooter ! goal), out of a total 37 goals. Thus, this team scoresmore
often when they cortrol the ball all the way in to the goal. Unfortu-
nately, for Windmill Wanderer,27 near misseswerefound similar to the
17 goals from the shooter ! shooter ! shooter ! goal, suggesting
this pattern waswell defendedor the team was making somemistakes.
Contrasting this to 4 near missessimilar to the 9 goalsfrom the pattern
teammate ! teammate ! shooter! goal suggeststhat this pattern
setsthe agert up for a better or easiershot. Windmill Wanderer placed
third in the tournament, and the 27 near missesmay have beena crucial
factor in its third place nish.

In addition, we can usethe method describedin Section4.1to com-
pareteamstwo at atime. For example,comparing AT ‘Humboldt97 and
AT Humboldt98| two entries from Humboldt University at RoboCup-
98 | we obtain a 2 value of 81.34 for a window size of 3, while
the threshold is 15.51. This suggeststhat the two teams are very
dissimilar. Looking at the frequenciesof the scoring patterns shows
that AT _Humboldt97 scoredonly 1 goal when it corntrolled the ball all
the way into the goal (opponert team's player did not kick the ball
beforeit was shot) while AT ‘Humboldt98 scored51 of its 88 goalsthis
way. This suggeststhat AT Humboldt97 was extremely opportunistic
in its approac and relied on the opponert making a mistake near the
goal, while AT ‘Humboldt98 was good at passingand dribbling the ball
into the goal. The results of RoboCup-98 shav that AT ‘Humboldt98
nished in second place in RoboCup-98 while AT Humboldt97 was
ranked lower than 16th. This seemsto suggestthat the changesin the
scoring patterns of AT _Humboldt98 were a key factor in its improved
performance. While this analysis does not conclusiwely establish the
reasonsfor the improved performance of AT Humboldt98, it at least
points us in a fruitful direction for understanding di erences in team
performance.
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5. Automated Engagement Summary { Team Mo del

The third ISAAC model attempts to addresssuccessor failure as a
team. In designingthis model we had two options possible.One wasto
tailor the analysisto specic teams. In particular, by analyzing data
traces of past behaviors of a specic team, it would be possible to
explain why this team tends to succeedor fail. This approac would be
similar to the one followed in Section 3, which explained why agerts'
critical actions tend to succeedor fail in a team specic manner. A
secondoption wasto analyzeteamsin terms of why teams succeedor
fail in the domain in general, in a non-team-speci ¢ manner (which
doesnot require data traces from the particular team being analyzed,
but from other teamsin this domain). Despite the advantagesof option
1 (team speci ¢ explanations), this option wasrejected due to the lack
of large amounts of team speci c engagemenh (team activity) data,
and option 2 wasused.In particular, unlike the individual agert model
in Section 3, which can obtain lots of individual action data points
even from a single engagemet) a single engagemen is just one data
point for the global team model. For instance, even a single RoboCup
game provides a large number of shots on the goal to begin learning
the individual agen model; yet this single game provides just a single
instanceand is not enoughto beginlearning a global team model. Thus
unlike previous models, the team model is not speci ¢ to a particular
team. We use all available data of every engagemen in the domain,
sudh that the model provides general explanations in terms of why
engagemets in a particular domain result in succesr failure.

5.1. Conceptual Overview of Team Model

The global team model focuseson the analysis of why teams succeed
or fail over the courseof an engagemen (overall team activity). The
assumption of this model is that there can be many di erent factors
that impact a team's overall successor failure. In a complex ernviron-
mert, a team may have to perform many actions well in order to be
successful.Theseactions may involve entirely di erent sub-teams,and
very di erent kinds of everts, perhapswidely separatedin time, may
beimplicated in succesr failure. Nevertheless,there may be patterns
of these factors that, although not strongly related in the behavioral
trace, do in fact correlate with whether a team succeedsn a domain.
The global team analysis attempts to nd thesepatterns.

Acquiring the team model involvestechniquessimilar to the previous
modelsasdiscussedabove, exceptthat rather than searding for points
of intermediate succesor failure, overall featuresthat leadto the nal
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outcome over an erntire engagemeh are more useful. These outcomes
may be classi ed as success,failure, tie, etc. It is again up to the
domain expert to choosethesefeaturesand to provide the classeof the
nal outcomes.The C5.0induction algorithm is usedon thesefeatures,
classifying the engagemen for ead team, and learning the dominant
features that lead to that particular outcome. Just as in section 3.1,
our use of decisiontreesis for explaining the outcome of an encourter
rather than for prediction of the outcome.

A dierent approad from section 3.1 is taken for using theserules.
When analyzing a speci ¢ engagemet) we mine the featuresfrom the
engagemeh and determine which learnedrule the current engagemen
most closely matches. This rule then provides key featuresthat corre-
late with team succesr failure [37, 42]. ISAAC useshatural language
generationto create a summary to easehuman understanding of the
engagemenh as a whole. While the rule is a model of the engagemet)
further explanation of this rule to the human comesfrom generating
the summary.

Thus, with the current method, ISAAC generatesa natural language
summary of eadch engagemen employing the rule that matched the
engagemeh asthe basisfor content selectionand sertence planning in
accordancewith Reiter's architecture of natural language generation
[27]. Reiter's proposal of an emerging consensusarchitecture is widely
acceptedin the NL comnunity. Reiter proposedthat natural language
generation systems use modules in content determination, senten@
planning, and surface geneation. ISAAC's NL generationcan be easily
explainedin terms of these modules.

The algorithm for building the global team model is presened in
Figure 10. Each engagemenh (team activity) is consideredto be a
single data item.The function BuildT eamModel() mines the logs to
obtain training data and using C5.0 with this data it obtains rules that
describe global team behavior. The CreateTemplate() function creates
templates for generating summariesusing theserules. ISAAC usesthe
rules for content determination since eat rule cortains the feature
valuesthat were pertinent to the result of the engagemenit classi es.
Furthermore, the conditions of ead rule also have someordering con-
straints, sincethe rules comefrom a decisiontree learning algorithm,
and we use this to form our sentene planning. We consider branches
closerto the root of the tree to have more weight than lower branches,
and as sud should be stated rst. Eacd condition is assaiated with
a single sentence, and ordered accordingly. Surface geneation of the
text is done by a template instantiation process.Every rule has one
(or more) templates that obey the content determination and sertence
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planning speci ed. The creation of thesetemplates, speci cally the use
of connectives, pronouns, etc. is currently done manually.

In order to generatea summary for a particular engagemety the
function GenerateSummary() starts with the raw data of the engage-
ment and minesthe featuresit needs,and matchesit to a pre-existing
rule with the function ObtainBestMatchingRule(). This function nds
those rules whose conditions are satis ed by the statistics of the en-
gagemen In the event that there are multiple rules that match the
given engagemet) the rule that classi es the most training examples
is used. If none of the rules that are satis ed by the engagemen have
the sameoutcome asthe engagemet) the rule whoseoutcome matches
the outcome of the engagemen most closely is selected.The template,
corresponding to this matched rule, is instantiated with speci c feature
values(statistics) from the engagemen Finally hyper-links to examples
of those features are added, for display in the multimedia viewer.

5.2. Applica tion of Team Model to RoboCup

To learn rules of why teams succeededor failed in previous engage-
mernts, ISAAC reviewsstatistics of previous games.The domain expert
must provide the domain knowledge of what statistics to collect, suc
as possessiontime and number of times called o -side. A complete
list of statistics collectedis preseried in Appendix B. ISAAC usesthis
information to create a baseof rulesfor usein analysisof future games.

ISAAC learns and usessewen classesof rules covering the concepts
of big win (a victory by 5 goals or more), moderate win (a victory
of 2-4 goals di erence), closewin (1 goal victory), tie, closeloss (by
1 goal), moderate loss (2-4 goals), and big loss (5 or more goal loss).
The motivation for sud subdivision is that factors leading to a big
win (e.g., causinga team to out-scorethe opponert by 10 goals)would
appearto be di erent from onesleading to a closewin (e.g., causinga
one goal victory) and should be learned about separately While this
ne subdivision thus has someadvantages, it also has a disadvantage,
particularly whenthe outcome of the gameis at the border of two of the
conceptsabove. For instance a 2-0 game(moderate win) could very well
have beena 1-0 game(closewin). Thus, we anticipate that the learned
rules may not be very precise,and indeed as discussedbelow, we allow
for a \close match" in rule usage.

To usetheserules, ISAAC rst matchesthe statistics of a new (yet
to be analyzed) game with the learned rules. If there is a successful
match, ISAAC cheds the scoreof the game against that predicted by
the matching rule beforewriting the summary. If the match is exact or
close(e.g. the actual gamestatistic matched a closewin rule, although
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BuildTeamModel (logs, classes, features){

}

logs: Logs of team's behavior;
classes: Classes for classification of engagements (team activity);
features: Features used in the classification;
for each engagementin Logs{

modelData <- Add (ExtractDataPoint  (engagement, features, classes));
}

teamModelRules <- ApplyC5.0(modelData, features, classes);
summaryTemplates<- CreateTemplates (teamModelRules);

CreateTemplates (teamModelRules){/*curren tly with user assistance*/

}

teamModelRules: Rules of Global TeamActivity obtained by applying C5.0;
for each rule in teamModelRules{
for each condition in rule in order of appearance{/*sentence planning*/
generate sentence corresponding to condition;
template <- Add(summaryTemplate, sentence)

}

summaryTemplates<- Add (summaryTemplates, template);

}

return summaryTemplates;

GenerateSummary(engageent, teamModelRules, summaryTemplates, classes, features){

}

engagement: Data trace of a single team activity;

teamModelRules: rules of global team model obtained by running BuildTeamModel(
summaryTemplates: templates for summarygeneration obtained by BuildTeamModel(
dataPoint <- ExtractDataPoint (engagement, features, classes);

matchingRule <- ObtainingBestMatchingRule (teamModelRules, dataPoint);
summary<- fillTemplate (summaryTemplatesimatchin gRule], dataPoint);

return summary;

ObtainBestMatchingRule( teamMoelRules , dataPoint){

}

dataPoint: the feature values and outcome corresponding to an engagement;
satisfiedRules  <- rules from teamModelRules that satisfy dataPoint;
matchedRules <- rules from satisfiedRules that have sameoutcome as dataPoint;
if (matchedRules is empty)

matchedRules <- rules from satisfiedRules  whose outcomes are closest to

outcome of dataPoint;

bestMatchingRule <- rule from matchedRules covering most training examples;
return bestMatchingRule;

Figure 10. Algorithm for Global Team Model.
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the game had an outcome of 2-0), the template is usedas is. If there
are multiple matches,the matching frequencyis usedto selectthe best
rule. Howewer, if no match is closeto the actual score,ISAAC still uses
the rule, but changesthe template to re ect surprisethat the scoredid
not more closely match the rule.

Once a rule is matched, ISAAC now has an assaiated template
to shape the game summary. The template orders componerts of the
rule accordingto their depth in the original decisiontree, in accordance
with our sertenceplanning technique. ISAAC then lIs in the template,
mining the featuresof this particular gameto create a summary based
on the rule. An examplerule is showvn in Figure 11.

Ball in OppositionHalf > 69%
AverageDistanceof OpponentDefender> 15m
BypassOpponentLast Defender> 0
Possessiotime > 52%
Distancefrom Sidelineto OpponentsKicks> 19m
I classBig Win

Figure 11. Example team rule for big wins.

To seehow this rule is usedin creating a natural languagesummary,
we examine one summary generated using this rule as a template,
shown in Figure 12. In this case, ISAAC is presering a summary
explaining the reasonsfor which 11Monkeys was able to defeat the
HAARLEM team. The underlined sertencesabove correspond directly
to the rule, with someaugmernation by actual statistics from the game.
By using the rule for content determination and sertence planning,
ISAAC is ableto presern the userthe reasonsfor the outcome of the en-
gagemen, and avoid presening irrelevant data consisting of irrelevant
features. !

6. Evaluation and Results

To evaluate ISAAC, we evaluate ead of its modelsin isolation and then
the e ectiv enessof the integrated ISAAC system. Section 6.1 presens
the ewaluation of the individual agert model, Section 6.2 describes
the evaluation of the multiple agent key interaction model, Section

! The headline and the rst sertence of the summaries were created based on
headlines and rst sertences of the press reports for the World Cup'98 (Human)
Soccergamesin Paris. An appropriate headline was chosenat random from a selected
set to avoid repetitions.
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HAARLEM O ense Collapses in Stunning Defeat at
the hands of 11Monk eys!

11Monleys displared the oensive and defensive prowess,
shutting out their opponents 7-0. 11Monleys pressed
the attack very had against the HAARLEM defense,
keepingthe ball in their half of the eld for 84% of the game

and alloving ample scaing opportunities. HAAR-

LEM pulledtheir defenderdackto stop the onslaught
but to no aval. To that eect, 11Monleys was
was ableto get pastHAARLEM'slast defender creating

2 situations where only the goalie was left to de-
fend the net. 11Monleys also handled the ball better,
keepingcontrol of the ball for 86% of the game HAARLEM
hada tendencyto keepthe ball towards the centerof the eld

as well, which may have helped lead them to ruin given teh
ferocity of the 11Monleysattack .

Figure 12. Game Summary for HAARLEM-vs-11Monk eys. The lines underlined
correspond to conditions in the rule used to generate the summary. These link to
casesof that condition that can be viewed in the multimedia viewer.

6.3 preserts the evaluation of the global team model, and Section 6.4
describesthe evaluation of the overall ISAAC system.

6.1. Evalua tion of the Individual Agent Model

We evaluate along seweral dimensions:(i) bottom-up discovery of novel
patterns; (ii) ability to perform global analysis; (iii) compactnessand
understandability of model; and (iv) pattern accuracy
A key measureof ISAAC's individual agert modelis the e ectiv eness
of the analysis, speci cally the capability to discover novel patterns.
Section 3.3 highlighted a rule learned about the Andhill97 team con-
cerning their aiming behavior. This rule was one instance of ISAAC's
surprising revelation to the human obseners;in this case,the surprise
wasthat Andhill97, the 2nd placewinner of RoboCup-97,had so many
goal-shot failures, and that poor aim was at least a factor. Not only
was this intriguing to other obseners, this was also intriguing to the
deweloper of the team, Tomohito Andou. After hearing of this result,
and witnessing it through ISAAC's multimedia interface, he told[2] us
that he\was surprised that Andhill's gaal shating behavior was so poor
.." and\ ...this result would help improve Andhill team in the fu-
ture." Someother teamsthat usedISAAC in preparation for RoboCup
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included CMUnited99, HeadlessChickens, Gongeraos and others, all of

which provided positive feedbad about ISAAC's capabilities. Indeed,

Peter Stone of CMUnited99 pointed out[33]: "I particularly like the

way that you can change the rules and seehow that a ects the cases
that are covered. Being able to cycle through the covered casesis also
a great feature."

Another interesting result from the individual agert analysis model
comesfrom the number of rules governing shooting behavior and defen-
sive prowess.Figure 13 shows that in ead year, the number of rules for
defensedecreasedor the top 4 teams, perhapsindicating more re ned
defensiwe structures as the teams progress.Also, the number of rules
necessaryto capture the behavior of a team's o ense is consisterly
more than that necessaryfor defense possibly due to the fact that no
single o ensive rule could be e ective against all opponert defenses.
The key here is that such global analysis of team behaviors is now
within reach with team analyst tools like ISAAC.

RoboCup97
5 RoboCup98
0 RoboCup99

Number of Rules

Offense Defense

Figure 13. Number of Rules by Year for Top 4 Teams

In order to evaluate if the individual agent model meetsit's goals
of understandability and compactnesswe considerthe number of rules
generatedper team and the number of conditions per rule for RoboCup-
98 teams. The Figure 14 shows the number of rules of o ense for the
top 8 teams at RoboCup-98. As this gure clearly indicates, the num-
ber of rules that characterize a team's o ense are few enoughto be
comprehensibleto a human user. The average number of of rules of
o ense is 10.875.In addition, theserules are very compact as can be
seenin Figure 15, which shawvs the number of conditions in a rule for
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the top 8 teams at RoboCup-98. All of theseteams had fewer than 3
conditions in a rule on average.Although Figures 14 and 15 focus on
the top 8 teams at RoboCup-98, the obsenations from these gures
are true for all RoboCup teams. Owing to the manageablenumber of
rules per team, the comprehensibility of the features selectedand the
compact nature of the rules generated,the goals of understandability
and compactnessof the individual model are met. The data usedto
generateFigures 14 and 15 is preserted in Appendix C.
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Figure 14. Number of Rules in Individual Model. Scoring rules refer to rules that
describe successin shots on goal; Non-scoring rules describe failed goal shots

Another point of evaluation is understanding how well the model
captures the shooting behaviors. To this end, ISAAC models were ap-
plied to predict gamescoresat RoboCup-99, a rather di cult problem
even for humans. ISAAC used rules describing a team's defenseand
matched them with the raw averageddata of the shots taken by the
other team to produce an estimate of how many goalswould be scored
against that team in the upcoming game. Performing this analysis for
both teams produced a predictive scorefor the outcome of the game.
This prediction obviously ignores many critical factors, including the
fact that someearly gameswere unrepreserativ e and that teamswere
changed by hand during the competition. Yet in practice, ISAAC's
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Avg. no. of conditions in a
rule

B Max. conditions in a rule

O Min. conditions in a rule

No. of Conditions

Figure 15. Number of Conditions in a Rule in Individual Model.

predictive accuracywas 70%with respectto wins and lossesjndicating
it had managedto capture the teams' defensegyuite well in its model.

Finally, in addition to the analysis,the multi-media viewer was also
quite helpful to dewelopers as seenfrom commerts by another dewvel-
oper, Helmut Myritz of AT Humboldt who said \I| have to say that
we know some weaknessesof the AT _Humboldt98, like a not optimal
kick, and a sometimesstrange gaal kick behavior or a static defense.
All thesethings could be realized well by watching your analysis of our
games." [20]. Note that ISAAC's users| for instance, Andou in Japan
and Myritz in Germany | wereableto view ISAAC's analysisoverseas
on the web.

6.2. Evalua tion of the Mul tiple Agent Model

We have already evaluated the multiple agen model to someextent in
Section4.2. There, we shoved how the probability distribution obtained
for the Windmill Wanderer team of RoboCup-98 could be analyzed
and also how the teams, AT _Humboldt97 and AT Humboldt98 were
compared. It is possible to perform sudc analysis on any RoboCup
team and alsoto compareany two RoboCup teams. The comparisonof
teams suggestsmethods for improving the performance of teams that
did not perform well.
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To illustrate how this comparisonis useful, we use the method of
comparisonfrom in Section4.1to comparethe top 8 teamsof RoboCup-
98 with ead other. In Figure 16, the X-axis shaws the top 8 teams at
RoboCup-98and the Y-axis shonvsthe 2 valuesobtained by comparing
the probability distributions of the scoring patterns of theseteams to
eat other. Valuesthat lie above the threshold line indicate that we
can state with a con dence limit of 95%that the two distributions are
dissimilar. Someof the obsenations that can be made from this gure
are:

1. The teams AT _Humboldt, CMUnited, Gemini and WindmillwW an-
dererare signi cantly dissimilar from 1SIS while Andhill98, Rolling-
Brains and CAT _Finland are not as dissimilar.

2. All the remaining seventeamsare signi cantly di erent from CMU-
nited, the winner of RoboCup-99!

3. Andhill and CAT _Finland are not signi cantly dierent from eadh
other.

Obsenation 1 can be explained by looking at the frequenciesof
scoring patterns. This revealedthat indeed, CMUnited, AT _Humboldt
and WindmillW anderer laid more emphasison ball cortrol and drib-
bling while ISIS was more opportunistic in its strategy and tried to
capitalize on its opponerts' mistakes. The results of RoboCup-98 also
show that the teamsCMUnited, AT Humboldt and WindmillwW anderer
nished in the top 3 positions. Obsenation 2 suggeststhat CMUnited
scoring patterns were very di erent from the other teams. Looking at
the shooting patterns and their frequenciesreveal that unlike other
teams, CMUnited relied heavily on good dribbling skills and good ball
control. This probably accourted for why CMUnited nished in rst
place in RoboCup-98. Obsenation 3 is not that surprising given that
both teamsrelied on opportunistic patterns for most of their goals.lIt is
interesting to note that Gemini nished in 5th placeand CAT _Finland
in 7th place.The data usedto generatethis graph is showvn in App endix
C.

Thus, the multiple agert team interaction model is able to appro-
priately discriminate betweenteams and suggestmethods of improve-
merts, e.g.,ISIS's performancemight be improved by giving the team
the necessaryskills and strategies to use scoring patterns similar to
thesetop three teams.
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Figure 16. 2 valuesfor the top 8 RoboCup-98 teams when compared to each other
for window size=3. Threshold = 15.51 represerts the 2 value for 95% certainty
limit.

6.3. Evalua tion of the Global Team Model

For the global team model, three di erent evaluations were performed.
In the rst, we distributed a survey to twenty of the participants at
the RoboCup-99 tournament, who were witnessing game summaries
just after watching the games.Figure 17 shows the breakdown of the
survey, shaving that 75% of the participants thought the summaries
were very good.

In the secondevaluation, we comparednatural languagesummaries
generatedwithout a global team model with summariesgenerateddi-
rectly from the original feature set of 12 features, without using C5.0
to pinpoint the justi cations of a team's succesr failure. Comparison
betweenthe two summariesrevealedthe following. On average,ISAAC
usesonly about 4 featuresfrom its set of 12 statistics in the summaries,
resulting in a 66% reduction from a natural language generator not
based on ISAAC's macdhine learning based analysis. Thus, ISAAC's
approac was highly selective in terms of cortent. Furthermore, sum-
maries generatedwithout ISAAC were much longer, lacked variety, and
failed to emphasizethe key aspects of the game.

Finally, we measuredISAAC's use of the team model for natural
languagegeneration by viewing the error rates from the machine learn-
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Figure 17. Automated Game Summary Survey Results.

ing algorithm used. These error rates tell us how accurately ISAAC's
learnedrules re ected the game.On the original set of gamesfor which
ISAAC's rules were learned, 87% of the gameswere classi ed correctly
(70% exact match, 17% closematch), resulting in an error rate of 13%.
Our test set of (unseen) RoboCup '99 gamesproduced 72% classi ed
correctly (39% exact match, 33%closematch), for an error rate of 28%.
If an error doesoccur, ISAAC still producesa summary, but it re ects
its surprise at the outcome, thus explaining the error. The error rate
on our test data could indicate that a better feature set is possibleor
that the data may be noisy.

6.4. Evalua tion of the overall ISAA C system

Evaluating ISAAC as an integrated systemis more di cult. Howewer,
some obsenations can still be made. ISAAC was awarded the \Sci-
entic Challenge Award" for outstanding researt by the RoboCup
Federation. ISAAC was used extensiwely at the RoboCup-99 tourna-
mert in Stockholm, Sweden(held in conjunction with IJCAI'99), where
received a great deal of praise and other feedba&. While visualization
tools like the 3-D visualization tools [14] by Bernard Jung (see gure
19) were available, what was missingwas the kind of analysis provided
by ISAAC. ISAAC was continuously running throughout RoboCup-99
with its analysis cortinually projected on the screen.Developers used
ISAAC to analyzeopponert teamsafter the early round matchesto get
a feel for the skill of upcoming opponerts. Spectators and developers
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alike were able to view ISAAC's game summariesjust minutes after
a game, and there was also a great deal of speculation concerning
ISAAC's predictions on future games.As mentioned earlier, ISAAC
was alsousedin preparation for RoboCup-99; Figure 18 shows ISAAC
in useat RoboCup-99.

ELTE
= |
151 Soccer Automated Caach
' Wl gt Hrwan i e ®

gt ot i P Dby
e

- 7%
Figure 18. ISAAC in use{ RoboCup-99, Stockholm. ISAA C was contin uously run-
ning throughout the RoboCup-99 tournament with its analysis contin ually projected
on the screenasshown in the gure. This tournament lasted several days and ISAAC
analyzed dozensof gamesof teams. Here, ISAA C's predictions are shown on the right
of the screen.

7. Generalit y of ISAA C

To illustrate the generality of ISAAC's team analysis techniques, this
sectiondiscussegheir applicability in very di erent domains. We begin
by applying ISAAC's analysistechniquesto an ager team performing
mission rehearsal simulations to evacuate civilians stranded in a hos-
tile location [38]. The team comprisesof 11 di erent heterogeneous
agerts, viz. a multi-mo dal userinterface agen, a route-planner, a web-
guerying information-gathering agert and 8 synthetic helicopter pilots.
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Figure 19. 3-D snapshot of a RoboCup soccer game.

The systemmust dynamically plan routes avoiding obstaclesand eneny
threats. The helicopters have to y a coordinated missionto evacuate
the civilians.

Tacticians and ageris developers of these mission rehearsalsimula-
tions are often interested in understanding the impact of changesin
the ervironment on agert-team performance.For instance, changesin
evacuation tactics, threat pro les, and position of civilians may have
dierent impact on team performance; and mission rehearsal simu-
lations could help tacticians select the tactics leading to improved
team performance. Here, to analyze team performance, we focus on
the sequencesof messagesxdcanged by the ageris during a single
evacuation rehearsal.In particular, given that theseageris are highly
heterogeneousit is dicult to extract their actions as in RoboCup
(e.g., user-interface agers' actions are to communicate with a user,
while helicopters' actions are to y, while a web-querying agen issues
gueries). Howewer, the agerts communicate in a common language|
indicating commitment to plans or sub-plansand completion of plans
and sub-plans| so that sequencesf messagedetween ageris can
be more easily used for team analysis. Here, changesin the environ-
mert that impact team performance are often re ected as changesin
the sequencesf messageexdianged. For instance, some evacuation
tactics may result in increasedfrequency of messagesequenceslealing
with ground-based missile threats; while other tactics may result in
few such sequencesThus, theseother tactics may be determinedto be
more successfuin preempting missile threats.

ISAAC's multiple agert model seemswell suited for this analysis.
Interactions are consideredto be the messageexcangedand are rep-
reseried by the content of the message A messagewhich says that
the task has been completed, indicates that the goal of evacuating
the civilians hasbeenacdieved. APPENDIX D describestwo examples
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of messagesxdcanged in this domain. Using the learning algorithm
described in Section 4.1, we obtain probability distributions of the
di erent patterns of messageexchangesthat result in the goal being
adhieved. It is possibleto comparedi erent environments basedon the
probability distributions of these patterns.

In this domain, all messagegxdangedare important asthey relate
to the execution of critical team plans and sub plans, which hasa direct
bearing on the outcome of the mission. It is, therefore, not desirableto
specify a window size of interactions that are responsible for the goal.
For the purposeof the algorithm we specify window sizeto be in nit y
soasto include all messagesn the sequenceof symbols learned by the
nite automaton. Seweral messagegan be repeated at multiple times
during the messagdogs, which correspndsto the team repeating the
execution of a sub plan. If bounded structural generalizationis set to
zerothe resulting nite automaton is extremely large. Figure 20 shows
the number of statesin the nite automata on the Y-axis and the value
of boundedstructural generalizationon the X-axis. Each data point in
this graph correspondsto the sizeof the nite automata after learning
all the logs that we have in this domain. As can be seenfrom the
gure, increasingstructural generalizationbeyond 2 doesnot decrease
the number of states. This suggeststhat no repeating subsequenceof
message®f length greater than two was seenin the messagdogs.

Totest ISAAC's application in this domain, we comparedtwo setsof
runs. The rst setwasreported by Gal Kaminka[1q. He had obtained a
set of 10 logs of messageexchangesamong agerts. We recertly created
a new set of runs. We wishedto understand if ISAAC's analysiswould
reveal any similarities or dissimilarities in the patterns seenin the two
runs, and possibly the causedor such dissimilarities. Thesedissimilari-
ties could be due to changesin the composition of the evacuation agert
team, changesin our computational environment, etc. It is dicult to
answer the question purely by examining the messagelogs, because
eadt log contains approximately 1000 messagesISAAC can abstract
out the detail and is critical for understanding the activities of the
system.

We applied the learning algorithm described in Section 4.1 (See
Figure 7) to learn the probability distribution of the patterns of eadh
environment for bounded structural generalizationequalto 2 and win-
dow sizeequalto in nit y. The pattern of symbolsneedsto be abstracted
abstracted out of the messagdogsto getrid of irrelevant messagesnd
unnecessarydetails in the messageOne immediate surprise here was
the number of di erent sequences/patternsof execution learned. With
ISAAC's abstraction, it is possibleto seethat the dierent patterns
arise because:(i) some agerts may fail during execution, requiring
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Figure 20. Structural Generalization vs. Number of States in nite automaton.

other ageris to work around sud failures; (i) eneny reaction may
vary requiring ageris to sometimes engagein failure recovery. The
combinations of which agers fail and how eneny reactions vary, lead
to dierent patterns.

Is the new set of runs very di erent from Kaminka's set of runs?
Comparing the probability distributions of the two sets of runs, we
obtain a 2 value of 150.0while the threshold for 95%con dence limit is
21.3.This indicates that the two teamsare very dissimilar, a somewhat
surprising result, sincewe did not anticipate a signi cant changein this
team.

Howewer, obsenation of the patterns learned revealsthe following:

In Kaminka's set of runs, helicopter pilot agens explicitly syn-
chronize beforelanding to evacuate civilians. In the new runs, the
helicopters do not syndronize explicitly.

One of the agerts in our set of runs, which does route planning
appearedto fail more frequertly in the new set of runs, compared
with Kaminka's set of runs.
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Thusby applying ISAAC's technique, di erences betweentwo teams
canbe detected more easily and the reasonsfor thesedi erences canbe
found more easily Tacticians can potentially usetools suc asISAAC
to changeevacuation simulation parametersand gaugetheir impact on
team performance.

There are seweral other similar domains where ISAAC could be
useful. For example, in team domains like agert teams in foraging
and exploration [4], ISAAC could be used for exploring actions, in-
teractions, and global trends sud as target hit rate and friendly re
damage,ISAAC could produce a similar analysis of military tactics in
the battle eld simulation domain [35] (see Figure 23), and use simi-
lar presenation techniques aswell. Indeed, ISAAC's techniques could
apply to analysis of many typesof teams and their actions.

Team analysis would also be valuable in problems requiring dis-
tributed, dynamic resource allocation [19], e.g., Figure 21 shaws a
domain where a set of sensoragerts must collaborate to track multiple
targets. Here, eat sensoragert cortrols a hardware node (as shown in
Figure 22), and must make decisionson which other agert to assistin
tracking targets, when to turn on/o to consene power, which of its
multiple radar headsto turn on, what messagedo send other agerts
and when to send (despite the limited bandwidth) etc. As we scale
up the number of sensornodes, analysis of performance of individual
nodes, teams and subteamsis crucial. The analysisis complicated by
problems like noise and sensorfailures. We may wish to understand
for instance when a sensorteam succeedsor fails in tracking particular
typesof targets. Given the data traces of agert's actions, ISAAC could
be usedto determine patterns that result in successlt could help in
contrasting di erent strategiesfor tracking particular typesof targets.
Furthermore, the global team model could be usedto explain to a user
why tracking succeededr failed over an ertire set of targets using NL.

8. Related Work

The researd presered in this article concernsareas of multi-agent

team analysisand comprehensiblepresenation techniques.We have al-

ready discussedsomerelated work in previous sections.In this section,

we comparesomespeci ¢ highly related researt. Section 8.2 discusses
researty outside the RoboCup domain, while Section 8.1 focuseson

related researd within the RoboCup domain itself.
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Figure 21. SensorAgents collaborating to track moving targets, shown in red.

Figure 22. Left: Moving target being sensed;Right: Hardware Sensor

8.1. RoboCup-specific Rela ted Work

In this section, we discusssomeof the related work conducted within
the RoboCup community. A novelty of ISAAC here is that it is not
con ned to RoboCup, but is intended to be more general-purpose,and
indeed it has been applied to other domains, such as the evacuation
rehearsaldomain discussedin Section7.

Andre et al have deweloped an automatic commertator system for
RoboCup games,called ROCCO, to generateTV-style live reports for
matches of the simulator league[3]. ROCCO attempts to recognize
ewvents occurring in the domain in real time, and generatescorrespond-
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WA
Figure 23. Helicopter agerts in a battle eld simulation.

ing speed output. While both ROCCO and ISAAC use multimedia
presenations, ROCCO attempts to analyze evens quickly to produce
live reports. Howewer, the ROCCO analysisdoesnot usemultiple mod-
els of behavior for multi-p erspective analysis as in ISAAC, and its
analysisis not designedto help usersand developersunderstand teams'
abilities. ROCCO also hasno capability to perform perturbation anal-
ysis.

Similarly, Tanaka-Ishii et al developeda commenator system,MIKE
[39] that presens real-time analysis of a RoboCup soccer game, high-
lighting the statistics relevant to the game as they happen. ISAAC's
global team model provides a summary of the gameto explain the key
aspects of the gameresponsible for the outcome, while MIKE looks at
gamesas they happen. Unlike ISAAC's global model, MIKE's focus
is on determining what features to tell the human audience during
the course of the game. ISAAC also analyzesindividual actions and
subteam interactions.

Among other related work, Tomoichi Takahashiattempted to eval-
uate teams basedon the collaboration amongagerts and not just from
scores[41]. Some of the key di erences between ISAAC and Taka-
hashi'swork are: (i) ISAAC's presenation of its analysis, for instance,
using techniques such as natural language generation; (i) ISAAC's
perturbation analysis; (iii) ISAAC's capability to compareteams.
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The designersof the KULRot RoboCup team used inductiv e logic
programming to validate the programming of their multi-agent team
[11]. Thus, they knew what they were looking for in their agens and
could incorporate all the background knowledge that the agerts were
using. In contrast, ISAAC is knowledge-lean,but has more dierent
typesof analysisand presenation techniquesand is capable of analyz-
ing any RoboCup team.

Stone and Veloso have also used a decision tree to control some
aspects of agents throughout an entire game, also using RoboCup as
their domain [32]. However, this work pertains to execution of agerts
rather than analysisof agert teams,and sinceit is internal to the agert,
their work has no meansof presenation.

There is of coursegreat generalinterest in analysisof (human) Soc-
cer games,e.g., see[30]. Human saccer gamesare much more complex
comparedto RoboCup and currently require complexanalysisincluding
factors such aspersonalitiesof star players, any injuries they may have
sustained etc., that are beyond the scope of RoboCup. Nonetheless,
we expect that techniques for analysis developed for RoboCup soccer
gameswould eventually apply to analysis of human soccer games(and
other gamesas well). One key hindrance at presen is the unavailabil-
ity of raw data in a machine-readable form for analysis tools suc as
ISAAC.

8.2. General Related Work

Bhandari et al's Advanced Scout usesdata mining techniqueson NBA
basketball gamesto help coates nd interesting patterns in their play-
ersand opponerts' behaviors [5]. Advanced Scout also enablescoates
to review the relevant footage of the games. Advanced Scout is able
to capture statistical anomaliesof which coades can take advantage.
Howewer, Advanced Scout does not have someof ISAAC's extensions
including the use of multiple models to analyze di erent aspects of
teams, perturbations to make recommendations,and game summaries
for an analysis of overall team performance.

Ndumu et al's system for visualization and debugging multi-agent
systemscomprisesa suite of tools, with ead tool providing a di erent
perspective of the application being visualized [21]. Howeer, the tools
do not perform any in-depth analysis on the multi-agent system, and
the system has no capability for perturbing this analysis. ISAAC also
usesa visualization component, but only as an aid to understanding
its analysis.

Johnson'sDebrief systemenablesagerts to explain and justify their
actions [15]. This work focuseson agerts' understanding the rationales
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for the decisionsthey make and being able to recall the situation. De-
brief alsohasa capability for agen experimentation to determine what
alternatives might have been chosen had the situation been slightly
di erent. ISAAC performs something similar in its perturbation anal-
ysis however ISAAC focuseson an ertire team, not just an individual,
necessarily

Marsella and Johnson'sPROBES [18] is a systemfor assessindoth
agert and human teamsin multi-agent simulated training environments
for battle-tank crews.In cortrast to ISAAC, PROBES was designedto
assistinstructors controlling the exerciseas opposedto the developers
of the agens. Further, it approaced the analysis problem top-down,
in cortrast ISAAC's bottom-up approach. That is, it had pre-built
expectations about a trainee team's acceptablebehaviors in particular
training situations (encaded in what are called \situation-space mod-
els"). It matched these expectations against obsened behaviors of the
trainee crewsto locate problematic trainee team behaviors and provide
appropriate feedbad.

SEEK (and its progery, SEEK?2) is an approac to knowledge base
re nement, an important aspect of knowledge acquisition [23]. Knowl-
edge base re nement is characterized by the addition, deletion, and
alteration of rule-componerts in an existing knowledge base,in an at-
tempt to improve an expert system'sperformance.While the alteration
of a rule may seemcomparableto ISAAC's perturbation analysis, the
goals are varied. The re nement done by systemssud as SEEK are
usedto increaseperformanceof the systemto correctly classify future
cases.ISAAC's goal is not that of increasedperformancein terms of
casesclassi ed but that of increasedunderstandability of the causes
of team failure or successBy looking at the changesto the automat-
ically produced rules, the user gains insight as to the e ects of eah
componert of a rule.

9. Summary and Future Work

Multi-agent teamwork is a critical capability in a large number of
applications including training, education, entertainment, design, and
robotics. The complexinteractions of agens in ateam with their team-
matesaswell aswith other agens makeit extremely di cult for human
dewelopers to understand and analyze agen-team behavior. It is thus
increasingly critical to build automated assistarts to aid human de-
velopers in analyzing agert team behaviors. Howewer, the problem of
automated team analysts is largely unaddressedin previous work. It
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is thus important to understand the key principles that underlie the
dewvelopmert of such team analysts.

In terms of these general principles, one key cortribution of this
article is an understanding of the the key constraints faced by team
analysts:

1. It is necessaryto have multiple modelsof team behavior at di erent
levelsof granularity. In particular three di erent usefulgranularities
appear to be: (i) individual agert's critical actions, (i) subteam
interactions and (iii) global team behavior trends.

2. Multiple preseration techniques are necessaryead suited to the
model being presened.

3. A bottom-up data-intensive approad is particularly critical to team
analysesin complex domains where causal models are di cult to
understand, input, etc. Such bottom-up analysis should also be
independert of underlying team architecture and implementation
to improve generality.

A secondkey cortribution is presenation of generaltechniques to
build team analysts that satisfy these constraints. First, ISAAC, our
team analyst, usesmultiple models of team behavior to analyze dif-
ferent granularities of agent actions: (i) Individual agert model to
analyze critical actions of individual agerts, (i) Multiple agert model
to analyze interactions within subteamsthat result in successor fail-
ure, (iii) Global team model to analyze an entire engagemeh Second,
ISAAC combines multiple presenation techniques to aid humans in
understanding the analysis, where preseration techniquesare tailored
to the model at hand. Third, ISAAC useslearning techniquesto build
models bottom-up from data traces, enabling the analysis of di ering
aspects of team behavior. It is thus capable of discovering unexpected
team behaviors.

A third key contribution are the techniques to provide feedbad
about team improvemert: (i) ISAAC supports perturbations of mod-
els, enabling usersto engagein \what-if " reasoningabout the agerts
and providing suggestionsfor improvemerts in agens' actions that are
already within the agers' skill set; (ii) It allows the userto compare
di erent teams basedon the patterns of their interactions.

ISAAC is available on the web for remote useat http://c oach.isi.edu.
It hasfound surprising results from top teams of previous tournaments
and was usedextensiwely at the RoboCup-99tournament. ISAAC was
awarded the \Scientic Challenge Award" at RoboCup-99 where its
analysisand natural languagegame summariesdrew a crowd through-
out the tournament.
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Although ISAAC wasinitially appliedin the context of the RoboCup
saoccer simulation, it is intended for application in a variety of agert
team domains. We demonstrated the generality of ISAAC's techniques
by applying them to a team of agents involved in the simulated evacua-
tion of civilians trapp edin hostile eneny territory . Giventhe promising
results in applying ISAAC's techniquesto domains beyond RoboCup,
we hope and expect to apply ISAAC to other domains, mentioned in
section 7, more thoroughly.

Another direction of future work is to make the multimedia pre-
sentation more intelligent by exploiting standard referencemodels for
intelligent multimedia presenations such as[6]. It would be interesting
to usethis model to decideon the layout and media-allocation for the
data that should be conveyed to the human user.

Ac knowledgemen ts

This researtr was made possibleby a generousgift from Intel Corpo-

ration. We would like to thank Bill Swartout for interesting discussions
related to ISAAC, and support of this work at USC/ISI. We alsothank

seweral membersof the RoboCup community for their valuable feedbak

about ISAAC, including Peter Stone, Itsuki Noda and Paul Scerri. Fi-

nally, we would like to thank the reviewersfor their excellen commerts

for improving this article.

APPENDIX  A: Features used in Individual Agent Mo del for
Rob oCup Soccer

The following are the eight featuresusedin the Individual Agent Model
for RoboCup Soccer:

1. Ball Velccity: Velocity with which the ball was kicked.

2. Distance to gaal: Distance of kicker to goal.

3. Number of Defenders: Number of defendersbetween kicker and
goal.

4., Extrapolated Goal Line Position: Aim of kick, i.e. Distance of the
center of goal to the point where the ball would have crossedthe
end-line if not intercepted.

5. Distance of Closest Defender: Distance of kicker to the closest
defender.
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. Angle of ClosestDefenderwrt to Center of Goal: Angle of closest

defender'sposition with respect to the line connecting the certers
of the two goals.

. Angle from Center of Field: Angle of kicker's position with respect

to the line connecting the certers of the two goals.

. Angle of Defender from shot: Angle of closestdefender's position

with respect to the direction of kick.

APPENDIX B: Features used in Global Team Mo del for

Rob oCup Soccer

The following are the twelve features usedin the Global Team Model
for RoboCup Soccer:

1.

10.

Possessiontime: Percerntage of time that the ball wasin the rst
team's possession.

. Ball in Opponent half: Percertage of time ball wasin the opposition

team's side of the eld.

. Suaessfulo -side traps: Number of successfub -side traps laid by

rst team.

. Caughtin o -side trap: Number of times the opposition's o -side

traps succeeded.

. Defensewas bymss@: Number of times the rst team's last de-

fender was bypassed.

. Bypass@ oppmpnent defense:Number of times the opposition team's

last defenderwas bypassed.

. Distance from sideline: Averagedistance of ball from the sideline

when ball wasin rst team's possession.

. Distance from sideline for oppnent: Averagedistance of ball from

the sideline when ball wasin opposition team's possession.

. Distance kept between own players: Averagedistance kept between

players of the rst team.

Distance kept between opponent players: Averagedistance kept be-
tween players of the opposition team.
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11. Distance of last defender: Averagedistance of the rst team's last
defenderfrom the goal.

12. Distance of opppnent last defender: Averagedistance of the oppo-

sition team's last defenderfrom the goal.

APPENDIX

C: Data for Figures 14 and 15

Tables |, Il and Ill showv the data usedto generate Figures 14, 15
and 16.

Table I. Data for gure 14

| Team | No. of non-scoring Rules | No. of scoring rules | Total no. of rules |

| Andhill | 10 | 6 | 16 |

| AT _Hum boldt | 8 | 4 | 12 |

| CAT _Finland | 4 | 4 | 8 |

| CMUnited | 6 | 2 | 8 |

| ISIS | 7 | 6 | 13 |

| Gemini | 6 | 6 | 12 |

| RollingBrains | 8 | 2 | 10 |

| Windmilw  anderers | 6 | 2 | 8 |

Table Il. Data for gure 15
Team | Avg. no. of condiions in arule | Max. condions in arule | Min. condiions in a rule
Andhill | 2.625 | 6 | 1
AT _Hum boldt | 2.75 | 5 | 2
CAT _Finland | 2.375 | 4 | 1
CMUnited | 2.125 | 5 | 1
1SIS | 2.692307692 | 5 | 1
Gemini | 2.833333333 | 4 | 1
RollingBrains | 1.9 | 7 | 1
windmillw  anderers | 1.625 | 2 | 1
Av erage | 2.436781609 | 4.75 | 1.125
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Table I1l. Data for gure 16

| Team | Andhil | AT Humb. | CAT_Fin. | CMUnited | ISIS | Gemini | RBrains | W _Wanderers
| Andhill | 0 | 214934 | 136993 | 672912 | 148278 | 121384 | 21092 | 1058628

| AT Humb. | 214934 | 0 | 267541 | 721392 | 467939 | 101018 | 355333 | 15.3181

| CAT_Fin. | 136993 | 267541 | 0 | 505455 | 125778 | 395714 | 706 | 1152244

|  CMunited | 672012 | 721392 | 505455 | 0 | 1065482 | 845932 | 62.8619 | 18.4048

| ISIS | 148278 | 467939 | 125778 | 1065482 | 0 | 41.0625 | 156448 | 1856138

| Gemini | 121384 | 101018 | 395714 | 845932 | 410625 | 0 | 702857 | 71.3586

|  R_Brains | 210062 | 355333 | 70.6 | 628619 | 156448 | 70.2857 | 0 | 54.0238

| W_wanderers | 105.8628 | 153181 | 1152244 | 184048 | 1856138 | 71.3586 | 54.0238 | 0

APPENDIX D: Example Messages Exchanged in Evacuation
Domain

Figure 24 shavs two examplesof messagegxchangedbetweenagerts in
the evacuation domain describedin section?. In examplel, a helicopter

1)Log MessageReceived; Fri Sep 17 13:37:03 1999:

Logging Agent: TEAMrans2

Message==>

tell

:content TEAMrans2 establish-commitment evacuate 41 kgml_string
receiver TEAM-EVAG kgml_word

reply-with  nil 3 kgml_word

team TEAM-EVAG kgml_-word

:sender TEAMrans2 11 kgml_word

:kgml-msg-id 22151+sangat.isi.edu+7 22 kgml_-word

2)Log MessageReceived; Fri Sep 17 13:37:14 1999:
Logging Agent: teamquickset

Message==>

tell

:content  teamquickset terminate-jpg constant determine-number-of-helos
number-of-helos-determined  *yes* 4 4 98 kgml_string
receiver TEAM-EVAG kgml_word

reply-with — nil 3 kgml_-word

team TEAM-EVAG kgml_word

:sender teamquickset 12 kgml_-word

:kgml-msg-id  19476+tsevet.isi.edu+7 22 kgml_-word

Figure 24. Examples of messagesexchanged between agerts in the evacuation
domain
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agert, TEAM _trans2 sendsa messageo the team, TEAM-EV AC, ask-
ing its membersto initiate a joint goal to executethe evacuate plan.
Example 2 is a messagesert by another agert teamquicksetto the
erntire team TEAM-EV AC to let the membersknow that the joint goal
to execute sub-plan determine-numier-of-helos ended successfully As
can be seenthesemessagesre fairly complexand the relevant features
of eadh messageneedsto be abstracted out so that analysis can be
easily done.
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