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Abstract

It is well known how challengingis the taskof codingcom-
plex agentsfor virtual environments. This dif�culty in de-
velopingandmaintainingcomplex agentshasbeenplaguing
commercialapplicationsof advancedagenttechnologyin vir-
tual environments. In this paper, we discussdevelopment
of a commercial-gradeintegrateddevelopmentenvironment
(IDE) andagentarchitecturefor simulationandtraining in a
high-�delity virtual environment. Speci�cally, we focuson
two key areasof contribution. First, we discusstheaddition
of anexplicit recipemechanismto Soar, allowing re�ection.
Second,wediscussthedevelopmentandusageof anIDE for
building agentsusingour architecture;theapproachwe take
is to tightly-couplethe IDE to the architecture. The result
is a completedevelopmentanddeploymentenvironmentfor
agentssituatedin acomplex dynamicvirtual world.

Intr oduction
It is well known how challengingis thetaskof codingcom-
plex agentsfor virtual environments.This hasbeena topic
for researchin many papersincluding(Bordini et al. 2006;
Tambeetal. 1995;Jonesetal. 1999;D.Vuetal. 2003).This
dif�culty in developingandmaintainingcomplex agentshas
madeadoptionof cognitive architecturesdif�cult in com-
mercial applicationsof virtual environments. Thus many
companieswork with differentvariationsof statemachines
to generatebehaviors (Calderet al. 1993).

In this paper, we discussdevelopmentof a commercial-
gradedevelopmentenvironmentandagentarchitecturefor
simulation and training in a high-�delity virtual environ-
ment.We discussarchitecturalsupportfor codingof acom-
plex planexecutionby ateamof agents,in Soar, anddiscuss
thedifferencesin ourapproachfrom previousapproachesto
usingSoarin suchtasks.

Speci�cally, we focuson two key areasof contribution.
First, we discussthe additionof an explicit recipemecha-
nism to Soar, allowing re�ection. This allows a program-
mer to build Soar operators(units of behavior) that are
highly reusable,andcanreasonabouttheirselectionandde-
selection.We show how this mechanismactsasa decision-
kernelallowing multiple selectionmechanisms(simulating
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humansocial choices,domainknowledge,etc.) to all co-
exist on top of it. Therecipemechanismgeneratespossible
alternatives: The choicemechanismsassignpreferencesto
these.Soarthendecides.

Second,we discussthedevelopmentandusageof an in-
tegrateddevelopmentenvironment(IDE) to build agentsus-
ing our architecture. The approachwe take is to tightly-
couplethearchitectureto thedevelopmentenvironment,so
thatbugs—whichin Soarcanbenotoriouslydif�cult to �nd
(Ritteret al. 2005)—canbeironedoutasthey arewritten.

We demonstratetheseefforts in a completedevelopment
environmentfor Soaragents,situatedin acomplex dynamic
virtual world, used for realistic simulation and training.
We attemptto draw lessonslearned,and highlight design
choiceswhich we feel wereimportantfrom theperspective
of anindustrialproject.

Background
Ourwork wasdoneaspartof Bar Ilan University'scollabo-
rationwith Elbit Systems,Ltd. Thegoalis to createa smart
syntheticentity—anagent—whichperformsin a varietyof
simulatedscenarios.Agentsshouldoperateautonomously,
behaving as realistically as possible. The agentswill en-
hanceElbit's trainingandsimulationproducts.

The environmentsin which the agentsare to function
areusuallycomplex environments,containingup to entire
cities,andincludingaccurateplacementof objects.Theini-
tial focusof theprojectis towardsthedevelopmentof indi-
vidual entities,possiblyworking in small groups.Figure1
showsanexamplescreen-shotfrom anapplicationuse-case.

Both the architectureand IDE for the agentsmust be
orientedtowardsthe developmentof con�gurable entities,
drivenby capabilities,personalityandcomplex plans.Such
aview reinforcestheneedfor a �e xible architecture,ableto
copewith many parametersandcon�gurationsof largeplans
(composedof recipeswith 100 up to 1000 inner behavior
nodes).Thearchitecturemustsupportseveraldistinctcog-
nitive mechanisms(emotions,focusof attention,memory,
etc.) runningin parallelandinteracting,in eachandevery
virtual modeledcognitiveentity.

We brie�y introduceherethevariouscomponentsof our
architecture,andthe rationalebehindits design. The next
sectionswill discussthefoci of thepaperin depth.

Onemain differencebetweencommercialandacademic



Figure1: Urban terrain

frameworksfor multi-agentsystems,is in theuseof hybrid
architectures.While in mostacademicwork it is sometimes
possible—indeed,desired—toinclude all levels of control
usinga uni�ed representationor mechanism,this is clearly
not the casewhen it comesto large scaleindustrial appli-
cations.No singlearchitectureor technologyin this caseis
suf�cient. Moreover, it is often critical to be ableto inter-
actwith existing underlyingcomponents.This might come
asa demandfrom thecustomerwho orderedtheproject,or
(sometimes)asawayto promoteothertechnologyavailable
within thecompany.

With respectto academicwork, this view goesback to
pastresearchonagentarchitectures,suchastheATLANTIS
(Gat 1992) architecture,which is basedon the observa-
tion that there are different ratesof activity in the envi-
ronment, requiring different technologies. In our work,
we were inspiredaswell by the vast researchandconclu-
sionsdrawn from theRoboCupsimulationleague(Marsella
et al. 1999) and from pastsimulationprojectsconducted
in Soar such as the IFOR project (Tambeet al. 1995;
Joneset al. 1999).

Indeed,our industrial partnershave developeda hybrid
architecturein whichmany componentsthathaveto dowith
cognitiveor mentalattitudesareactuallyoutsideof themain
reasoningengine,built in Soar. The guiding philosophy
in decidingwhethersomethingshouldbe donein the Soar
componenthasbeento leave (asmuchaspossible)any and
all mathematicalcomputationsoutsideof Soar, includingall
path planningand motion control. For example,we rely
on a controller in charge of moving an agenton a speci-
�ed path. Suchcontroller can be assignedthe movement
of teamsof agents,and can usedifferent movementcon-
�gurations while trying to keeprelationsand angles�x ed
betweenit' s members. In making this choice,the project
is settingitself apartfrom othersimilar projects,in which
Soarwas usedto control entitiesat a much more detailed
level of control (Tambeet al. 1995; Joneset al. 1999;
Marsellaet al. 1999).

We focusin this paperon theSoardecision-makingcom-
ponent, and its associatedIDE. Both of these,with the

other componentsof the system,are hooked up to a VR-
Forces(MÄK Technologies2006)simulationenvironment,
a high-�delity simulatorutilizing DIS. It is usedfor large
scaleprojectsrangingair, groundandnaval trainingsuchas
TACOP(vanDoesburg,Heuvelink,& vandenBroek2005).

Giventhetaskof providing anagentdevelopmentframe-
work, severalarchitecturesfor this typeof applicationmight
cometo mind: JACK (Howdenet al. 2001),SOAR (Newell
1990),UMPRS(Lee et al. 1994),JAM (Huber1999),etc.
Soar(Newell 1990) is amongthe few that hascommercial
support,andyet is open-source,makingit a clearfavorable
candidatefor ourproject.

Soarusesglobally-accessibleworking memory, andpro-
duction rules to test and modify it. Ef�cient algorithms
maintain the working memory in faceof changesto spe-
ci�c propositions.Soaroperatesin several phases,oneof
which is adecisionphasein whichall relevantknowledgeis
broughtto bear, throughanXML layer, to make a selection
of anoperator(behavior) thatwill thencarryout deliberate
mental(andsometimesphysical)actions.

A key novelty in Soaris that it automaticallyrecognizes
situationsin which this decision-phasesis stumped,either
becauseno operatoris available for selection(state no-
changeimpasse), or becausecon�icting alternativesarepro-
posed(operator tie impasse). Whenimpassesaredetected,
a subgoalis automaticallycreatedto resolve it. Resultsof
this decisionprocesscan be chunked for future reference,
through Soar's integratedlearning capabilities. Over the
years,the impasse-mechanismwasshown to be very gen-
eral,in thatdomain-independentproblem-solvingstrategies
could be brought to bear for resolving impasses(Newell
1990).

Beingamixturebetweenareactiveandadeliberativesys-
tem,it is usuallyveryeasyto programrules(productions)in
Soar, sothata shortsequencewill betriggereduponcertain
conditions. However, building a complex scenarioinvolv-
ing multipleagentsbecomessomewhatof anoverwhelming
task.Debuggingjust seemsto neverend1.

Soarusesglobally-accessibleworkingmemory. Eachrule
is composedby a left andright sides. Simpli�ed, the left
sideof theruleis in chargeof testingwhetherspeci�c condi-
tionshold in this workingmemory, while theright sideis in
chargemakingchangesto theworking memory. Thuseach
rule in the systemcan read,write, and modify the work-
ing memory, triggering or disablingthe proposalof other
rules,including itself. This meansthateachSoarprogram-
mermusthave completeknowledgeof all the rules,taking
all previouswritten codeinto accounteachtime a new rule
is added.

Anotherfacetis thatSoardoesnot differentiatebetween
the changean operatormakes, and the actualstateof the
agent,and ties themasoneby codingconventions. Since
Soaroperatesthroughstates,this meansthateachoperator
by de�nition is tied to the statethe agentis in. In other
words,naiveSoarprogrammingrequiresall agentbehaviors
to be re-programmedeachtime a behavior is to be applied

1We notethatsimilar motivationshave leadin thepastto con-
tributionsin otherdirections,e.g.,teamwork (Tambe1997).



in a slightly differentstatethaninitially anticipatedby the
programmer.

Oneof the �rst architecturalchangeswe aimedfor was
to overcomethis relationbetweenstatesandoperators.By
doingso,wecouldmakeuseof generictypes,templates,and
otherbyproductssuchastheutilization of re�ection. These
provedto bevaluableprogrammingtools.

SoaringHigher
The approachwe take is to provide a higher level of pro-
gramming,built on Soarfoundationsandtaking advantage
of the underlyingframework. The most importantcompo-
nentof this layeris recipes—behavior graphs—representing
atemplate(skeletal)planof executionof hierarchicalbehav-
iors (Kaminka& Frenkel 2005;Tambe1997).Thebehavior
graphis an augmentedconnectedgraphtuple (B ; S;V; b0)
, whereB is a setof task-achieving behaviors (asvertices),
S, V setsof directededgesbetweenbehaviors(S \ V = ; ),
andb0 2 B abehavior in whichexecutionbegins.

Behaviors is de�ned asbi 2 B :

1. Constantparameters,with respectto theprogramexecu-
tion scope(suchasbi timeout, probabilityetc..).

2. Dynamicparameters,with respectto bi executionscope
(suchastheeventthattriggeredbi preconditions).

3. Maintenanceconditions(Kaminkaet al. 2007),with re-
spectto bi executionscope.

4. Teamwork conditions(Kaminkaetal. 2007),with respect
to bi executionscope.

5. Preconditionswhichenableits selection(therobotcanse-
lect betweenenabledbehaviors).

6. Endconditionsthatdeterminewhenits executionmustbe
stopped.

7. Application rulesthatdeterminewhatbi shoulddo upon
execution.

In (Kaminka& Frenkel 2005)S sequentialedgesspec-
ify temporalorderof executionof behaviors. A sequential
edgefrom b1 to b2 speci�es that b1 must executedbefore
executingb2. A path along sequentialedges,i.e., a valid
sequenceof behaviors, is calledan executionchain. V is
a set of vertical task-decompositionedges,which allow a
singlehigher-level behavior to bebrokendown into execu-
tion chainscontainingmultiple lower-level behaviors. At
any givenmoment,theagentexecutesa completepathroot-
to-leaf throughthe behavior graph. Sequentialedgesmay
form circles,but verticaledgescannot.Thusbehaviors can
berepeatedby choice,but cannotbetheir own ancestors.

Evenusingthisrepresentation,wefacedseveralabnormal
situations.For example,if a leaf behavior hasprecondition
equalto its ancestorsendconditionit might never be pro-
posed,or worst,constantlybeterminatedprematurely. Solv-
ing sucha problemat anIDE level, contradictstheneedfor
behavior encapsulation.Anotherproblematicaspectof such
anarchitectureis thatduringanexecutionchainno alterna-
tivesarebeingconsidered.Switching from oneexecution
chainto theother(giventhatthey bothderivefrom thesame
parentbehavior), needsendingthe whole executionchain,
a processwhich is both time consuming,and sometimes

harmstheoverall reactivenessof thesystem.This problem
emergesevenwhenusingtheSoararchitectureasprovided.
We will not dealwith proposedsolutionssincethey areout
of this paper's scope. However, one speci�c proposalin-
volving a reactive recipemechanismrunningon top of the
regularone,canbeviewedasahigherlevel selectionmech-
anism,andthusis similar to otherselectionmechanismdis-
cussedlaterin detail.

Therecipemechanismis responsiblefor proposingoper-
atorsfor selection.Throughre�ection, it examinesthecur-
rentrecipedatastructure(graph),andproposesall operators
thatarecurrentlyselectable,basedontheirpreconditionand
positionwithin the recipegraph. It ef�ciently schedulethe
proposaland retractionof genericbehaviors given certain
conditions. Thesebehaviors, are speci�ed inside generic
subtreesof plans,whichin turnaregatheredin largeabstract
setsof plans. When a Soaragentis loaded,it assembles
its recipestructureat run-timeby recursively deepening,ar-
rangingandoptimizingit.

Additional mechanismsareaddedto guideselectionbe-
tweenthe proposedoperators. Examplesto suchmecha-
nisms include probabilisticbehavior selection,teamwork,
social comparisontheory (Kaminka& Fridman2007), in-
dividualandcollaborativeconditionmaintenance(Kaminka
et al. 2007), etc. For example,since the recipeenables
re�ection, one of the mechanismsmonitorsother agents'
actionsby the mirroring of the recipeonto anotherinner
Soarstateand using translationof sensorydata. This al-
lows modelingof anotheragent's decisionprocessesbased
onobservation—aform of planrecognition.Anothermech-
anismis in charge of teamwork and keepsthe teamsyn-
chronizedandrolesallocated,by theuseof communication
(Kaminkaet al. 2007).

With respectto the IDE, we madeuseof a new state-of-
the-artfacilitiessuchasrefactoringandtestingof agentap-
plications. Insteadof building the IDE from scratch,as is
commonlydone,we choseto utilize an existing IDE, thus
taking advantageof well-testedavailable technology. Our
IDE is object-oriented,facilitatingcodingby theuseof pre-
madetemplates,re-usabilityof componentssuchas plans
and behaviors, insteadof wizardsand graphicalmeansof
programming.

In Soar, productionsare proposeddue to changesin
WMEs (Soarworking memory). In a behavioral context,
this meansthateachbehavior canbetriggeredby a change,
bothinternal(innerstatechange)or external(sensorydata),
andthat eachbehavior canaffect theoverall conductionof
thesystem.Duringearlyphasesof developmentwechosean
approachsimilar to that foundin (Tambe1997),by provid-
ing amiddlelayerbetweenSoarinputsandoperators.How-
ever, asmentioned,Soar's productionscanbe triggeredby
internaleventsaswell. Thus,we choseto broadenthecom-
mon groundbetweenbehaviors by substitutingthe transla-
tion layer with an event-basedmechanism.All our behav-
iors' preconditionsandendconditionsare triggeredby ex-
plicit predicates,which signal eventsthat are true. These
eventscorrespondto percepts,deducedor processedfacts,
and internal changes. They constituteexplicit facts, in-
ternally classi�ed by subjectandcategory (e.g.,all audio-



Figure2: Soar integrated templates

relatedeventsgroupstogether).
Adding eventsto Soarallows our agentmeansof re�ec-

tion. A regularSoaragentis unawareof theactualchangein
theenvironmentthatleadto aspeci�c operatorinstantiation,
thuscould not refer to the causeof it following a speci�c
sequenceof actions. At most, it canre�ect on the actions
themselves. Using the event mechanism,however, allows
theagentto considerexactly whatchangesleadto eachop-
erator/behavior proposalor termination,asthepreconditions
andendconditionsarede�ned explicitly.

We found this approachcritical when in needof com-
municationsbetweenagents. The languageby which our
agentscommunicateis an event language:Entire subtrees
of Soarworking memoryarebeingpassedon andforth be-
tweenagents. The agentsthus passbetweenthemsetsof
eventsrelevant to the proposalor retractionof behaviors.
This allows allocationof roles,andsynchronizationof the
executionof behaviors. and

In our targetenvironment,bothrecipeoperators(taskand
maintenance)andeventscanbe programmedwith thehelp
of codetemplates.During thecodingphasewe discovered
that most bugs result from WME misspellingor errors in
structurereference.Figure2 showstheinterfaceby whicha
usercanautomaticallygeneratetheappropriateoperatoror
eventcode.Eventsaregeneratedandcategorizedin different
folders,classi�ed by the inputs that trigger themor by the
eventsthat they relay on. Operators(behaviors) aregener-
atedwith parameters,preconditionsandendconditions,fully
documented.This featureresultsin a cleanuniform code,
andthussimpli�es debugginga greatdeal. Additional sup-
port for communicationprotocolsandprobabilitytablesfor
operatorproposalsis alsoprovided.

Theuseof templatesin Soar, goesbackto theearly IDE
developmenttools for Soaragents. Our tool differs from
thoseearlierworksin thatit providesnotonly basicsupport
for Soaroperatorapplicationandproposalrulestemplates,
but anextensiveelaboratedbehavior structuresupportedby
the recipemechanism,specializedfor the architecturewe
use. The useof the templatessaves much coding for the
programmer, sincethey alreadyencapsulatemuchof what
theprogrammerneedsto consider.

The Soardatamapis a representationof the Soarmem-
ory structuregeneratedthroughtheexecutionof aSoarpro-
gram,andcanbe inferredby the left sideandright sideof

Figure3: SoarDatamapview

Figure4: Auto completewith deepinspection

Soarproductionrules. Several tools areavailable in order
to generatea Soardatamapsthroughstaticanalysisof Soar
productions. We signi�cantly extendedthe initial Eclipse
extensionfor datamapsupport,provided by the University
of Michigan andSoarTech,addingadditionalservicesand
tools. Most of our coding tools now rely on the datamap,
enablingusto generatespeci�c insightfulwarnings,provide
smartassistance,andautocompletionof codethattakesthe
structureof thememoryin ourarchitectureinto account.

By usingelaborationson thedatamapstructureprovided,
andby constantlymatchingit with thecodebeingedited,the
IDE is ableto proposecompletionof relevantpointsin the
code. As seenin Figure4, the IDE is able to proposethe
optional suggestionsfor codecompletiondown the WME
paths.state.recipe.rsc.sc}, whererecipebehav-
iors arekept. By inspectingthe datamapit is thenableto
provide insightsregardingit structure,suchasits precondi-
tions,endconditions,etc.

UsingtheSoarparsercombinedwith datamapinspection
we are able to assistthe programmerwith warning mes-
sages(asseenin Figure5) andquick-�x es(asseenin Fig-
ure 6). In Figure 5 a commonsituation is demonstrated,



Figure5: Warnings

Figure6: Quick Fixes
wherethe Soarcoderefersto an unknown behavior called
movement-to-nav}, which judgingby its name,might
be the behavior in charge of moving the agentto a spe-
ci�c location. This warningmessagenoti�es the program-
merthateither:(a) this behavior doesnotexist, which leads
herto theunderstandingthat it is yet to beprogrammed;or
(b) there is a behavior alreadypresentin charge of mov-
ing the agent to a speci�c location but it is not called
movement-to-nav}; or (c) Thereis a behavior already
presentin chargeof moving theagentto a speci�c location
calledmovement-to-nav}, which is not updatedin the
Soardatamap,thusnooneknowsit exist. Suchfailurepoints
areeasilyspottedandcorrectedby theuseof quick-�x esthat
offer severaloptionalautomaticcorrectionsto thedatamap.

Aside from warningsandcodeassistance,Soarbene�ts
from themany Eclipseplug-insthatarealreadypresentand
developedwithin the IDE environment. Among thoseare
integrateddocumentationsupport,executionof Soaragents,
and integrateddebugger. Supportfor both VSS and CVS
code-versioningsystemscanbefoundaswell, for largeteam
projects.

WehavealsoextendedandenhancedtheSoarJavaDebug-
gerwhich is distributedwith thecurrentversionof Soar, by
theUniversityof Michigan.The�rst customization,seenin
Figure7, utilizes a UML type of visualization,in order to
displaythe recipeat run time. At any point theactive path
to the currentlyexecutedbehavior is presentedalongwith
optionalbehaviors not chosen(coloredred). Theseredbe-
haviorshavematchingpreconditions,but werenotactivated
dueto hierarchicalor situationalconstraints.This recipevi-
sualizationis updatedaswell at runtime,enablingthepro-

Figure7: SoarJava Debugger, with additional TreeView
and RecipeVisualization

grammerto focusonly ontherelevantexecutedsubsetof the
recipe.

In addition,ontheleft-handsideof thedebuggerwindow,
is atree-folderview of theworkingmemory. Therootof the
treecanbe set to point any subsetof the agentknowledge
(any Working Memory Element,WMEs) andis updatedat
runtime. SinceSoaralreadyarrangesWMEs in a treelike
format, it greatlyspeedsup debuggingto beableto inspect
theagentknowledgeby simplyclicking suchfolders.

Evaluation
Evaluationof thecontributionsdescribedaboveis challeng-
ing. The �rst contribution involvesthe useof re�ection in
therecipe,which allows cleanseparationof theprocessby
whichtheknowledgeof theagentproposesalternatives,and
themechanismsthatfacilitatea decisionamongthem.Dur-
ing theevaluationof our system,we madeuseof a scenario
in which a teamof agentsusescommunicationsto agree
uponseveralmissionpoints.They calculateroutesconsider-
ing possiblethreatsalongthewayandtravel from oneloca-
tion to theother. While doingsothey collaboratively main-
tain severalmovementprotocolsandreactto changesin the
environmentsuchastheappearanceof new threats,theloss
of teammembers,etc..Duringtheexecutionof thescenario,
theagentsmove from onewaypointto another, maintaining
speci�ed formations,andreorganizetheseformationsgiven
changesin theteamhierarchy.

To providesomeinsightasto theperformanceof thede-
sign,we compareour systemto previoussystemsthathave
utilized Soar as their basis. The most well-known simi-
lar systemis TacAir-Soar, a highly successfulproject us-
ing Soaras the basisfor syntheticpilots, capableof run-
ningawidevarietyof missions(Tambeetal. 1995;Joneset
al. 1999).Lesscomplex—yetstill successful—applications
of Soarincludedthe ISIS-97andISIS-98RoboCupteams
(Tambeet al. 1999).

Table 1 provides a comparisonof key features,allow-
ing a qualitative insight into the complexity of thesesys-
tems,comparedto the systemdiscussedin this paper. The
columnsreport(left-to-right) on theoverall numberof Soar



ar chitectur e r ules actions inputs operator s
TacAir-Soar 5200 30 200 450
ISIS-97/98 1000 7 50 40

Ours 650 25 200 100

Table1: Ar chitectural Complexity Evaluation

rulesusedin thesystem,thenumberof uniqueactions(out-
puts),theamountof uniquepercepts(inputs),andthenum-
berof actualdomain/taskbehaviors/operators.

Oursystem,at its currentstateof development,is of mod-
eratecomplexity comparedto effortsthathavebeenreported
in theliterature.Takingthecombinedinputsandoutputsas
the a basicmeasureof the complexity of the task, would
put our system's task on par with that of the TacAir-Soar
system,and far aheadof the challengefacedby RoboCup
teams.However, lookingat thenumberof operators,wesee
that the knowledgeof our agents,while still signi�cantly
morecomplex thanthatof theRoboCupagents,is still very
muchbehindthatof theadvancedTacAir Soar.

Basedon this qualitativeassessment,which putsour sys-
temsomewherein themiddlebetweentheTacAir-Soarand
the ISIS systems,it is interestingto note that our system
usessigni�cantly lessrulesthanbothothersystems,to en-
codetheknowledgeof theagents.While we useabout6.5
rules,onaverage,for supportingeachoperator, TacAir-Soar
uses11.5 andRoboCupabout25. We believe that this is
due,at leastin part, to theuseof the recipemechanism.In
bothprevioussystems,thepreconditionsof operatorstested
not only theappropriatenessof an operatorgiven the men-
tal attitudeof theagentswith respectto its environmentand
goals,but alsowith respectto the positionof the operator
comparedto othertaskoperators.For instance,commonly
operatorswould have to testfor the activation of their par-
ents,beforebeingproposed.Therecipemechanismcleanly
separatesthetwo.

Onoursystem,operatorrulesonly determinewhetherthe
task-relatedpreconditionsof anoperatorhavebeensatis�ed.
Therulesproposingtheoperatorif its preconditionsaretrue,
andgivenits positionwithin thebehaviorgraph, areall part
of therecipemechanism.Webelievethatthissavesasignif-
icantnumberof rules.

It also saves signi�cant programmingeffort: Sinceour
operatorsdo not referat any point to their executionpoint,
changingthe occurrenceof a genericaction (or a generic
subtreeof hierarchicalactionswithin a recipe)requiresonly
updatingthecon�gurationof theSoarcodedrecipe.In com-
parison,moving operatorsaroundin previoussystems,from
one speci�c executionpoint to another(one point in the
recipeto the other) would requirechangesto be madein
all branchingchildren (all rules testing the occurrenceof
suchan operator),sincethe hierarchyis part of eachsub-
operator's preconditions. Additionally, by previous Soar
conventions,operatorsource�les werewritten in hierarchi-
cal �le system,which re�ectedtheintendedhierarchicalde-
compositions.Moving operatorsin therecipeeithercaused
�les to movearound,or worseyet,createdadiscrepancy be-
tweentheconventionof the �le-system andthepositionof
the operatorin memory. FreeingSoaroperatorsfrom their
executionpointalsoallowedusto placeall operator�les in a

benchmark dc msec=dc W M (mean; changes)
MaC 200 0.155 (49.896,13651)

Arithmetic 41487 0.320 (983.589,879076)
Ours 31363 0.078 (3266.797,196263)

Table2: Runtime Evaluation

singledirectory, making�nding andmaintainingthemmuch
easier.

PreviousSoararchitectures,have utilized a speci�c style
of writing in Soar, in whichhierarchicaldecompositionsare
createdin memoryby relyingonSoar'soperator no-change
impasseto keeptrack of the active hierarchicaldecompo-
sition. But the creationandmaintenanceof impassescan
be expensive. The recipe mechanismallows us ef�cient
book-keepingof the currentdecomposition,without using
impasses(unlessneededfor otherreasons).

To demonstratethe savings offered by using the recipe
mechanism,Table2 providesdatagatheredfrom theexecu-
tion of severalstandardSoarbenchmarks(bundledwith the
Soararchitecturedistribution), on the samehardware and
softwarecon�guration (Soar8.6.2kernelon thesamePen-
tium4CPU3.2GHz512MBram).Thesestandardproblems
consistedof the Missionariesand Cannibals(MaC) prob-
lem,andtheperformanceof 1000randomarithmeticcalcu-
lations. We compareSoar's performancein both, with the
testscenario,describedabove.

Table2consistsof fourcolumns:Thenumberof decision-
cyclesin Soar(input to outputphase)usinganaveragerun,
theaveragetimefor eachdecision-cyclein milliseconds,the
averagesizeof Soarworking memoryat any time, andthe
numberof changesto this memory. As shown, our architec-
tureis muchfasterthanthebenchmarks—despitetheir sim-
plicity relative to the taskour systemfaces.Our decision-
cyclesaresubstantiallyfastermainlydueto therecipemech-
anism(which avoids impasses)and the utilization of con-
trollers. Thoughnew input is constantlydeliveredto our
agents,most of the time our agentis idle, waiting for the
currentoperator/behavior execution,theproposalof new be-
haviorsor thearrival of critical data.Suchresultsarecrucial
for demonstratingthe scalability of the system,for future
scenarios(e.g.,thosesimulatingcrowds).

We now turn to evaluationof the integrateddevelopment
environments. As one could expect, quantitative evalua-
tion is dif�cult here. Not only is the impactof thechanges
dif�cult to measuredirectly, but the target audience—Soar
programmers—isvery small. Nevertheless,we asked our
currentusersto provide qualitative feedbackon the tool,
andcompareit to previously-publisheddevelopmenttools
for Soar(suchasVisual Soar, which is packagedwith the
Soardistribution).

Our usersvaried in experience,and in responses.One
veteranSoarprogrammerhaspreviously developedin Soar
using emacstext-editor (without any GUI supportfor de-
bugging),andlater in VisualSoar. His assessmentwasthat
theuseof theEclipseenvironmentwasa marked improve-
mentoverVisualSoar(which,notsurprisingly, wasbelieved
to be a signi�cant improvementover emacs).He reported
that the useof templateswasnot a speed-saver: As a vet-
eranSoarprogrammer, hewasusedto writing codedirectly,



without templates.On theotherhand,two relatively novice
programmersnow swearby the Eclipseenvironment,and
show strongpreferenceto it overexisting tools.They report
that thetemplatesareveryuseful,thoughthey losesomeof
theusefulnessover time. Basedon thesequalitativereports,
it is clearthat in an industrialproject,a strongIDE suchas
Eclipse,is a valuabletool which providesmany bene�ts in
comparisonto thealternatives.

Conclusion
In this paperwe discussedboth the architectureanddevel-
opmentenvironmentfor computedgeneratedforces,based
on an extendedversionof Soar. On an architecturallevel
weproposedtheadditionof anexplicit recipemechanismto
Soar, allowing re�ection. Thisallowsaprogrammerto build
Soaroperators(units of behavior) that arehighly reusable
andeffective. We proposedhow sucha mechanismcould
act asa decision-makingkernelby implementingmultiple
selectionmechanismson top of it. Second,we discussed
the developmentand usageof an integrateddevelopment
environment(IDE) to build agentsusing our architecture.
We attemptedto draw lessonslearned,and highlight de-
sign choiceswhich we felt were important from the per-
spective of an industrialproject. We believe thoseinsights
cancontributetowardsthefuturedevelopmentof computer-
generatedforces,in complex dynamicvirtual worlds.
Acknowledgments. We thankour Elbit Systemspartners
for many usefuldiscussionsandfeedback:OraArbel, Itay
Guy, IlanaSegall, Myriam Flohr, andErezNachmani.The
work was supportedin part by a generousgift by MÄK
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