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Abstract

It is well known how challengingis the taskof codingcom-
plex agentsfor virtual ervironments. This dif culty in de-
velopingand maintainingcomplex agentshasbeenplaguing
commerciabpplication®f advancedagentechnologyin vir-

tual ervironments. In this paper we discussdevelopment
of a commercial-gradéntegrateddevelopmentervironment
(IDE) andagentarchitecturedor simulationandtrainingin a
high- delity virtual ervironment. Speci cally, we focuson

two key areasof contrikution. First, we discussthe addition
of anexplicit recipemechanisnio Soar allowing re ection.

Secondwe discusghe developmentandusageof anIDE for

building agentausingour architecturethe approachwe take
is to tightly-couplethe IDE to the architecture. The result
is a completedevelopmentand deploymentervironmentfor

agentssituatedn a comple dynamicvirtual world.

Intr oduction

It is well known how challengings thetaskof codingcom-

plex agentsfor virtual environments.This hasbeena topic

for researchin mary papersncluding (Bordini etal. 2006;

Tambeetal. 1995;Jonesetal. 1999;D.Vuetal. 2003).This

dif culty in developingandmaintainingcomplex agentshas
madeadoptionof cognitive architecturedlif cult in com-

mercial applicationsof virtual environments. Thus mary

companiesvork with differentvariationsof statemachines
to generatdehaiors (Calderetal. 1993).

In this paper we discussdevelopmentof a commercial-
gradedevelopmentervironmentand agentarchitecturefor
simulation and training in a high- delity virtual ernviron-
ment.We discussarchitecturabupportfor codingof acom-
plex planexecutionby ateamof agentsin Soar anddiscuss
thedifferencesn ourapproachHrom previousapproacheto
usingSoarin suchtasks.

Speci cally, we focuson two key areasof contritution.
First, we discussthe addition of an explicit recipemecha-
nismto Soar allowing re ection. This allows a program-
mer to build Soar operators(units of behaior) that are
highly reusableandcanreasorabouttheir selectiorandde-
selection.We shav how this mechanisnactsasa decision-
kernelallowing multiple selectionmechanismgsimulating
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humansocial choices,domainknowledge,etc.) to all co-

exist ontop of it. Therecipemechanisngeneratepossible
alternatves: The choicemechanismassignpreferenceso

these.Soarthendecides.

Secondwe discusgthe developmentand usageof anin-
tegrateddevelopmentenvironment(IDE) to build agentsaus-
ing our architecture. The approachwe take is to tightly-
couplethe architectureto the developmentervironment,so
thatbugs—whichin Soarcanbe notoriouslydif cult to nd
(Ritteretal. 2005)—carbeironedoutasthey arewritten.

We demonstrateéheseefforts in a completedevelopment
ernvironmentfor Soaragentssituatedn a complex dynamic
virtual world, usedfor realistic simulation and training.
We attemptto draw lessondearned,and highlight design
choiceswhich we feel wereimportantfrom the perspectie
of anindustrialproject.

Background

Ourwork wasdoneaspartof Bar llan University's collabo-
rationwith Elbit Systems|td. Thegoalis to createa smart
syntheticentity—anagent—whichperformsin a variety of
simulatedscenarios.Agentsshouldoperateautonomously
behaing asrealistically as possible. The agentswill en-
hanceElbit's trainingandsimulationproducts.

The environmentsin which the agentsare to function
are usually comple ervironments,containingup to entire
cities,andincludingaccurateglacementf objects.Theini-
tial focusof the projectis towardsthe developmentof indi-
vidual entities,possiblyworking in small groups. Figure 1
shavs anexamplescreen-shadirom anapplicationuse-case.

Both the architectureand IDE for the agentsmust be
orientedtowardsthe developmentof con gurable entities,
drivenby capabilities personalityandcomplex plans.Such
aview reinforcegheneedfor a e xible architectureableto
copewith mary parameterandcon gurationsof largeplans
(composedf recipeswith 100 up to 1000inner behaior
nodes). The architecturemustsupportsereral distinct cog-
nitive mechanismgemotions,focus of attention,memory
etc.) runningin parallelandinteracting,in eachand every
virtual modeledcognitive entity.

We brie y introduceherethe variouscomponent®f our
architecture andthe rationalebehindits design. The next
sectionswill discusghefoci of thepaperin depth.

One main differencebetweencommercialand academic



Figurel: Urban terrain

framavorksfor multi-agentsystemsis in the useof hybrid
architectureswWhile in mostacademiavork it is sometimes
possible—indeeddesired—toinclude all levels of control
usinga uni ed representatiolor mechanismthis is clearly
not the casewhenit comesto large scaleindustrial appli-
cations.No singlearchitectureor technologyin this caseis
sufcient. Moreover, it is often critical to be ableto inter-
actwith existing underlyingcomponentsThis might come
asa demandrom the customemwho orderedthe project,or
(sometimespasaway to promoteothertechnologyavailable
within thecompaty.

With respectto academiowork, this view goesbackto
pastresearctonagentarchitecturessuchasthe ATLANTIS
(Gat 1992) architecture,which is basedon the obsena-
tion that there are different ratesof actiity in the envi-
ronment, requiring different technologies. In our work,
we wereinspiredaswell by the vastresearchand conclu-
sionsdrawn from the RoboCupsimulationleagug(Marsella
etal. 1999)andfrom pastsimulationprojectsconducted
in Soar such as the IFOR project (Tambeet al. 1995;
Jonesetal. 1999).

Indeed,our industrial partnershave developeda hybrid
architecturen which mary componentshathaveto dowith
cognitive or mentalattitudesareactuallyoutsideof themain
reasoningengine, built in Soar The guiding philosophy
in decidingwhethersomethingshouldbe donein the Soar
componenhasbeento leave (asmuchaspossible)ary and
all mathematicatomputation®utsideof Soarincludingall
path planningand motion control. For example, we rely
on a controllerin chage of moving an agenton a speci-
ed path. Suchcontroller can be assignedhe movement
of teamsof agents,and can use different movementcon-
gurations while trying to keeprelationsand angles x ed
betweenit's members. In making this choice, the project
is settingitself apartfrom other similar projects,in which
Soarwas usedto control entitiesat a much more detailed
level of control (Tambeet al. 1995; Joneset al. 1999;
Marsellaetal. 1999).

We focusin this paperon the Soardecision-makingom-
ponent, and its associatedDE. Both of these,with the

other componentf the system,are hooked up to a VR-
Forces(MAK Technologie006)simulationervironment,
a high- delity simulatorutilizing DIS. It is usedfor large
scaleprojectsrangingair, groundandnaval training suchas
TACOP(vanDoeslurg, Heuwelink, & vandenBroek2005).

Giventhetaskof providing anagentdevelopmentrame-
work, severalarchitecturesor thistypeof applicationmight
cometo mind: JACK (Howdenetal. 2001),SQAR (Newell
1990),UMPRS(Leeetal. 1994),JAM (Huber1999),etc.
Soar(Newell 1990)is amongthe few thathascommercial
support,andyetis open-sourcemakingit a clearfavorable
candidatdor our project.

Soarusesglobally-accessiblevorking memory and pro-
duction rules to test and modify it. Ef cient algorithms
maintain the working memoryin face of changeso spe-
ci ¢ propositions. Soaroperatesn several phasespne of
whichis adecisionphasdn which all relevantknowledgeis
broughtto bear throughan XML layer, to make a selection
of anoperator(behavior) thatwill thencarry out deliberate
mental(andsometimegphysical)actions.

A key novelty in Soaris thatit automaticallyrecognizes
situationsin which this decision-phases stumped either
becauseno operatoris available for selection (state no-
changeimpasség or becauseon icting alternatvesarepro-
posed(operator tie impassg Whenimpassesaredetected,
a subgoalis automaticallycreatedto resole it. Resultsof
this decisionprocesscan be chunled for future reference,
through Soars integratedlearning capabilities. Over the
years,the impasse-mechanismas shavn to be very gen-
eral,in thatdomain-independemiroblem-solvingstrateies
could be broughtto bearfor resolvingimpasseqNewell
1990).

Beingamixturebetweerareactveandadeliberatve sys-
tem, it is usuallyvery easyto programrules(productions)jn
Soar sothata shortsequencevill betriggereduponcertain
conditions. However, building a comple scenarioinvolv-
ing multiple agentdbecomesomeavhatof anoverwhelming
task. Deluggingjust seemdo neverend.

Soarusegylobally-accessibleorkingmemory Eachrule
is composedyy a left andright sides. Simpli ed, the left
sideof theruleis in chageof testingwhetherspeci c condi-
tionshold in this working memory while theright sideis in
chage makingchangego the working memory Thuseach
rule in the systemcan read, write, and modify the work-
ing memory triggering or disablingthe proposalof other
rules,includingitself. This meanghateachSoarprogram-
mer musthave completeknowledgeof all the rules, taking
all previouswritten codeinto accounteachtime a new rule
is added.

Anotherfacetis that Soardoesnot differentiatebetween
the changean operatormakes, and the actual stateof the
agent,andties themasoneby coding corventions. Since
Soaroperateghroughstatesthis meansthat eachoperator
by de nition is tied to the statethe agentis in. In other
words,naive Soarprogrammingequiresall agentehaiors
to be re-programmeckachtime a behaior is to be applied

We notethatsimilar motivationshave leadin the pastto con-
tributionsin otherdirections.e.g.,teamvork (Tambel1997).



in a slightly differentstatethaninitially anticipatedby the
programmer

Oneof the rst architecturalchangesve aimedfor was
to overcomethis relationbetweenstatesand operators.By
doingso,we couldmalke useof generictypes templatesand
otherbyproductssuchasthe utilization of re ection. These
provedto bevaluableprogrammingools.

Soaring Higher

The approachwe take is to provide a higherlevel of pro-
gramming,built on Soarfoundationsandtaking advantage
of the underlyingframewnork. The mostimportantcompo-

nentof thislayeris recipes—behavior graphs—representing

atemplate(skeletal)planof executionof hierarchicabeha-

iors (Kaminka& Frenlel 2005;Tambel997). Thebehavior

graphis an augmenteconnectedyraphtuple (B; S;V; bp)

, WhereB is a setof task-achiging behaiors (asvertices),

S, V setsof directededgeshetweerbehaiors (S\ V = ;),

andhy 2 B abehaior in which executionbegins.
Behaviorsisde nedash 2 B :

1. Constantparametersyith respecto the programexecu-
tion scope(suchash timeout, probabilityetc..).

2. Dynamic parametersyith respectto by executionscope
(suchastheeventthattriggereds preconditions).

3. Maintenanceconditions(Kaminkaetal. 2007),with re-
spectto b executionscope.

4. Teamwvork conditiong(Kaminkaetal. 2007),with respect
toh executionscope.

5. Preconditionsvhich enabléts selection(therobotcanse-
lectbetweerenabledbehaiors).

6. Endconditionghatdeterminewhenits executionmustbe
stopped.

7. Applicationrulesthatdeterminewhath shoulddo upon
execution.

In (Kaminka & Frenlel 2005) S sequentiakedgesspec-
ify temporalorderof executionof behaiors. A sequential
edgefrom by to by, speci esthat by must executedbefore
executingb,. A pathalong sequentiakdges,i.e., a valid
sequencef behaiors, is called an executionchain. V is
a setof vertical task-decompositioedges,which allow a
single higherlevel behaior to be brokendown into execu-
tion chainscontainingmultiple lower-level behaiors. At
ary givenmomenttheagentexecutesa completepathroot-
to-leaf throughthe behaior graph. Sequentiakdgesmay
form circles, but vertical edgescannot. Thusbehaiors can
berepeatedy choice,but cannotbetheir own ancestors.

Evenusingthisrepresentatiornye facedseveralabnormal
situations.For example,if aleaf behaior hasprecondition
equalto its ancestorsendconditionit might never be pro-
posedprworst,constantlybeterminatecorematurely Solv-
ing sucha problemat anIDE level, contradictshe needfor
behaior encapsulationAnotherproblematicaspecof such
anarchitecturds thatduring anexecutionchainno alterna-
tives are being considered. Switching from one execution
chainto theother(giventhatthey bothderive from thesame
parentbehaior), needsendingthe whole executionchain,
a processwhich is both time consuming,and sometimes

harmsthe overall reactvenesof the system.This problem
emegesevenwhenusingthe Soararchitectureasprovided.
We will notdealwith proposedsolutionssincethey areout
of this papers scope. However, one speci ¢ proposalin-
volving a reactize recipemechanisnrunningon top of the
regularone,canbeviewedasa higherlevel selectionrmech-
anism,andthusis similar to otherselectiormechanisndis-
cussedaterin detail.

Therecipemechanisnis responsibldor proposingoper
atorsfor selection.Throughre ection, it examinesthe cur-
rentrecipedatastructurg(graph),andproposesll operators
thatarecurrentlyselectablebasedn their preconditiorand
positionwithin the recipegraph. It ef ciently schedulehe
proposaland retractionof genericbehaiors given certain
conditions. Thesebehaiors, are speci ed inside generic
subtree®f planswhichin turnaregatheredn largeabstract
setsof plans. When a Soaragentis loaded,it assembles
its recipestructureat run-timeby recursvely deepeningar-
rangingandoptimizingit.

Additional mechanismsre addedto guide selectionbe-
tweenthe proposedoperators. Examplesto such mecha-
nismsinclude probabilistic behavior selection,teamvork,
social comparisortheory (Kaminka & Fridman2007), in-
dividualandcollaboratve conditionmaintenancékaminka
etal. 2007),etc. For example, sincethe recipe enables
re ection, one of the mechanismsnonitors other agents'
actionshby the mirroring of the recipe onto anotherinner
Soarstateand using translationof sensorydata. This al-
lows modelingof anotheragents decisionprocessedased
onobsenation—aform of planrecognition.Anothermech-
anismis in chage of teamvork and keepsthe team syn-
chronizedandrolesallocated by the useof communication
(Kaminkaetal. 2007).

With respecto the IDE, we madeuseof a new state-of-
the-artfacilities suchasrefactoringandtestingof agentap-
plications. Insteadof building the IDE from scratch,asis
commonlydone,we choseto utilize an existing IDE, thus
taking advantageof well-testedavailable technology Our
IDE is object-orientedfacilitating codingby the useof pre-
madetemplates re-usabilityof componentsuchas plans
and behaiors, insteadof wizardsand graphicalmeansof
programming.

In Soar productionsare proposeddue to changesin
WMES (Soarworking memory). In a behaioral context,
this meanghateachbehaior canbetriggeredby a change,
bothinternal(inner statechange)r external(sensorydata),
andthat eachbehaior canaffect the overall conductionof
thesystem During earlyphase®f developmenive chosean
approactsimilar to thatfoundin (Tambel1997),by provid-
ing amiddlelayerbetweerSoarinputsandoperatorsHow-
ever, asmentioned Soars productionscan be triggeredby
internaleventsaswell. Thus,we choseto broaderthe com-
mon groundbetweenbehaiors by substitutingthe transla-
tion layer with an event-basednechanism.All our beha-
iors' preconditionsand endconditionsare triggeredby ex-
plicit predicateswhich signal eventsthat are true. These
eventscorrespondo perceptsdeducedor processedacts,
and internal changes. They constituteexplicit facts, in-
ternally classi ed by subjectand cateyory (e.g., all audio-
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Figure2: Soarintegrated templates

relatedeventsgroupstogether).

Adding eventsto Soarallows our agentmeansof re ec-
tion. A regularSoaragentis unavareof theactualchangen
theernvironmentthatleadto aspeci c operatoiinstantiation,
thus could not refer to the causeof it following a speci c
sequencef actions. At most,it canre ect on the actions
themseles. Using the event mechanismhowever, allows
the agentto considerexactly whatchangedeadto eachop-
erator/behaior proposabr termination asthepreconditions
andendconditionsrede ned explicitly.

We found this approachcritical when in needof com-
municationsbetweenagents. The languageby which our
agentscommunicatéds an eventlanguage:Entire subtrees
of Soarworking memoryarebeingpassedn andforth be-
tweenagents. The agentsthus passbetweenthem setsof
eventsrelevant to the proposalor retractionof behaiors.
This allows allocationof roles, and synchronizatiorof the
executionof behaviors. and

In our targetervironment,bothrecipeoperatorgtaskand
maintenanceand eventscanbe programmedvith the help
of codetemplates.During the coding phasewe discovered
that most bugs result from WME misspellingor errorsin
structurereferenceFigure2 shownstheinterfaceby whicha
usercanautomaticallygeneratehe appropriateoperatoror
eventcode.Eventsaregeneratedndcateyorizedin different
folders, classi ed by the inputsthattrigger themor by the
eventsthatthey relay on. Operatordbehaiors) aregener
atedwith parametergyrecondition@ndendconditionsfully
documented.This featureresultsin a cleanuniform code,
andthussimpli es delugginga greatdeal. Additional sup-
port for communicatiorprotocolsandprobability tablesfor
operatomproposalss alsoprovided.

The useof templatesn Soar goesbackto the early IDE
developmenttools for Soaragents. Our tool differs from
thoseearlierworksin thatit providesnot only basicsupport
for Soaroperatorapplicationand proposalrulestemplates,
but an extensie elaboratedehaior structuresupportedy
the recipe mechanismgspecializedfor the architecturewe
use. The useof the templatessaves much coding for the
programmersincethey alreadyencapsulatenuch of what
theprogrammeneeddo consider

The Soardatamaps a representatiomnf the Soarmem-
ory structuregeneratedhroughthe executionof a Soarpro-
gram,andcanbeinferredby theleft sideandright side of

Figure3: Soar Datamap view

Figure4: Auto completewith deepinspection

Soarproductionrules. Several tools are availablein order
to generatea Soardatamapshroughstaticanalysisof Soar
productions. We signi cantly extendedthe initial Eclipse
extensionfor datamapsupport,provided by the University
of Michigan and Soar®ch, addingadditionalservicesand

tools. Most of our codingtools now rely on the datamap,
enablingusto generatespeci c insightful warnings provide

smartassistanceandautocompletionof codethattakesthe

structureof thememoryin our architectureénto account.

By usingelaboration®n the datamaystructureprovided,
andby constantlymatchingit with thecodebeingedited,the
IDE is ableto proposecompletionof relevantpointsin the
code. As seenin Figure4, the IDE is ableto proposethe
optional suggestiondor code completiondown the WME
paths.state.recipe.rsc.sc}, whererecipebehar-
iors are kept. By inspectingthe datamapit is thenableto
provide insightsregardingit structure suchasits precondi-
tions,endconditionsetc.

Usingthe Soarparsercombinedwith datamapnspection
we are able to assistthe programmerwith warning mes-
sageqasseenin Figure5) andquick- x es(asseenin Fig-
ure 6). In Figure5 a commonsituationis demonstrated,



Figure5: Warnings

Figure6: Quick Fixes

wherethe Soarcoderefersto an unknovn behaior called
movement-to-nav}, which judging by its name,might
be the behaior in chage of moving the agentto a spe-
ci ¢ location. This warningmessageoti es the program-
merthateither: (a) this behaior doesnot exist, which leads
herto the understandinghatit is yetto be programmedpr

(b) thereis a behaior alreadypresentin chage of mov-

ing the agentto a specic location but it is not called
movement-to-nav}; or (¢) Thereis a behaior already
presenin chage of moving the agentto a speci ¢ location
calledmovement-to-nav},  whichis notupdatedn the
Soardatamapthusnooneknowsit exist. Suchfailurepoints
areeasilyspottedandcorrectedy theuseof quick- x esthat
offer several optionalautomaticcorrectiondo thedatamap.

Aside from warningsand code assistanceSoarbene ts
from themary Eclipseplug-insthatarealreadypresentind
developedwithin the IDE environment. Among thoseare
integrateddocumentatiosupport,executionof Soaragents,
and integrateddelugger Supportfor both VSS and CVS
code-ersioningsystemsanbefoundaswell, for largeteam
projects.

We have alsoextendedandenhancedhe SoarJsaDehug-
gerwhichis distributedwith the currentversionof Soar by
the Universityof Michigan. The rst customizationseenin
Figure7, utilizes a UML type of visualization,in orderto
displaythe recipeat run time. At ary point the active path
to the currently executedbehavior is presentedalong with
optionalbehaiors not chosen(coloredred). Thesered be-
haviors have matchingpreconditionsbut werenot activated
dueto hierarchicalr situationalconstraintsThis recipevi-
sualizationis updatedaswell at runtime, enablingthe pro-

Figure7: Soar Java Debugger, with additional TreeView
and RecipeVisualization

grammeto focusonly ontherelevantexecutedsubsebf the
recipe.

In addition,ontheleft-handsideof thedeluggemwindow,
is atree-folderview of theworkingmemory Therootof the
tree canbe setto point any subsetof the agentknowledge
(any Working Memory Element, WMESs) andis updatedat
runtime. SinceSoaralreadyarrangesVMEs in a treelike
format, it greatlyspeedsip detuggingto be ableto inspect
theagentknowledgeby simply clicking suchfolders.

Evaluation

Evaluationof the contributionsdescribedaboveis challeng-
ing. The rst contribution involvesthe useof re ection in
therecipe,which allows cleanseparatiorof the processhy
whichtheknowledgeof theagentproposeslternatves,and
themechanismshatfacilitatea decisionamongthem. Dur-
ing the evaluationof our systemwe madeuseof a scenario
in which a team of agentsusescommunicationgo agree
uponseveralmissionpoints. They calculateroutesconsider
ing possiblethreatsalongthe way andtravel from oneloca-
tion to the other While doing sothey collaboratiely main-
tain severalmovementprotocolsandreactto changesn the
ervironmentsuchasthe appearancef new threatstheloss
of teammembersetc.. During theexecutionof thescenario,
theagentanove from onewaypointto anothey maintaining
speci ed formationsandreomganizetheseformationsgiven
changesn theteamhierarchy

To provide someinsightasto the performancef the de-
sign, we compareour systemto previous systemshat have
utilized Soar as their basis. The most well-known simi-
lar systemis TacAir-Soar a highly successfubproject us-
ing Soaras the basisfor syntheticpilots, capableof run-
ning awide varietyof missiong Tambeetal. 1995;Jone<t
al. 1999).Lesscomplex—yetstill successful—applications
of Soarincludedthe ISIS-97 and ISIS-98 RoboCupteams
(Tambeetal. 1999).

Table 1 provides a comparisonof key features,allow-
ing a qualitative insight into the compleity of thesesys-
tems,comparedo the systemdiscussedn this paper The
columnsreport(left-to-right) on the overall numberof Soar



architectur e | rules | actions | inputs | operators
TacAir-Soar | 5200 30 200 450
ISIS-97/98 | 1000 7 50 40
Ours 650 25 200 100

Tablel: Ar chitectural Complexity Evaluation

rulesusedin the systemthennumberof uniqueactions(out-
puts),the amountof uniqueperceptginputs),andthe num-
berof actualdomain/taslbehaiors/operators.

Oursystematits currentstateof developmentjs of mod-
eratecompleity comparedo effortsthathave beenreported
in theliterature. Takingthe combinedinputsandoutputsas
the a basic measureof the compleity of the task, would
put our systems task on par with that of the TacAir-Soar
system,and far aheadof the challengefacedby RoboCup
teams.However, looking atthe numberof operatorsye see
that the knowledge of our agents,while still signi cantly
morecomple thanthatof the RoboCupagentsis still very
muchbehindthatof theadvancedTacAir Soar

Basedon this qualitative assessmentyhich putsour sys-
tem somavherein the middle betweernthe TacAir-Soarand
the ISIS systemsiit is interestingto note that our system
usessigni cantly lessrulesthanboth othersystemsto en-
codethe knowledgeof the agents.While we useabout6.5
rules,on averagefor supportingeachoperatoy TacAir-Soar
usesll.5and RoboCupabout25. We believe that this is
due,atleastin part,to the useof therecipemechanismin
both previoussystemsthe precondition®f operatorgested
not only the appropriatenessf an operatorgiventhe men-
tal attitudeof the agentswith respecto its ervironmentand
goals,but alsowith respectto the position of the operator
comparedo othertaskoperators.For instance commonly
operatorsvould have to testfor the activation of their par
ents,beforebeingproposed.Therecipemechanisntleanly
separatethetwo.

Onoursystempperatorrulesonly determinewvhetherthe
task-relategorecondition®f anoperatohave beensatis ed.
Therulesproposingheoperatoif its preconditiongretrue,
andgivenits positionwithin thebehaviorgraph areall part
of therecipemechanismWe believe thatthis savesa signif-
icantnumberof rules.

It also saves signi cant programmingeffort: Since our
operatorgdo not referat any pointto their executionpoint,
changingthe occurrenceof a genericaction (or a generic
subtreeof hierarchicalctionswithin arecipe)requiresonly
updatingthecon gurationof the Soarcodedrecipe.In com-
parison,moving operatorsaroundin previoussystemsfrom
one speci ¢ execution point to another(one point in the
recipeto the other) would require changego be madein
all branchingchildren (all rules testing the occurrenceof
suchan operator),sincethe hierarchyis part of eachsub-
operators preconditions. Additionally, by previous Soar
corventions,operatorsource les werewritten in hierarchi-
cal le systemwhichre ectedtheintendedhierarchicade-
compositions Moving operatorsn therecipeeithercaused

les to move aroundor worseyet, createda discrepang be-
tweenthe corventionof the le-system andthe positionof
the operatorin memory FreeingSoaroperatordrom their
executionpointalsoallowedusto placeall operatorles ina

benchmark dc | msec=dc | WM (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

Previous Soararchitectureshave utilized a speci c style
of writing in Soar in which hierarchicadecompositionsire
createdn memoryby relying on Soars operator no-change
impasseto keeptrack of the active hierarchicaldecompo-
sition. But the creationand maintenancef impassesan
be expensve. The recipe mechanismallows us ef cient
book-keepingof the currentdecompositionwithout using
impassegunlessneededor otherreasons).

To demonstratehe savings offered by using the recipe
mechanismTable2 providesdatagatheredrom the execu-
tion of severalstandardSoarbenchmarkgbundledwith the
Soararchitecturedistribution), on the samehardware and
softwarecon guration (Soar8.6.2kernelon the samePen-
tium4 CPU3.2GHz512MBram). Thesestandargroblems
consistedof the Missionariesand Cannibals(MaC) prob-
lem, andthe performancef 1000randomarithmeticcalcu-
lations. We compareSoars performancen both, with the
testscenariodescribedabove.

Table2 consistof four columns:Thenumberof decision-
cyclesin Soar(input to outputphaseusingan averagerun,
theaveragdime for eachdecision-gclein millisecondsthe
averagesize of Soarworking memoryat ary time, andthe
numberof changedo this memory As shavn, our architec-
tureis muchfasterthanthe benchmarks—despitéeir sim-
plicity relative to the task our systemfaces. Our decision-
cyclesaresubstantiallffastermainly dueto therecipemech-
anism (which avoids impasseshand the utilization of con-
trollers. Thoughnew input is constantlydeliveredto our
agents,most of the time our agentis idle, waiting for the
currentoperator/behéor execution theproposabf new be-
haviors or thearrival of critical data.Suchresultsarecrucial
for demonstratinghe scalability of the system,for future
scenarioge.g.,thosesimulatingcrowds).

We now turn to evaluationof the integrateddevelopment
ervironments. As one could expect, quantitatve evalua-
tion is dif cult here. Not only is the impactof the changes
dif cult to measurdirectly, but the target audience—Soar
programmers—isvery small. Neverthelesswe asled our
currentusersto provide qualitative feedbackon the tool,
and compareit to previously-publisheddevelopmenttools
for Soar(suchas Visual Soar which is packagedwith the
Soardistribution).

Our usersvaried in experience,andin responses.One
veteranSoarprogrammeiaspreviously developedin Soar
using emacstext-editor (without any GUI supportfor de-
bugging),andlaterin Visual Soar His assessmentasthat
the useof the Eclipseernvironmentwasa markedimprove-
mentover VisualSoar(which, notsurprisingly wasbelieved
to be a signi cant improvementover emacs). He reported
thatthe useof templatesvasnot a speed-seer: As a vet-
eranSoarprogrammerhewasusedto writing codedirectly,



without templates On the otherhand,two relatively novice
programmersiow swearby the Eclipse ervironment,and
shaw strongpreferenceo it over existing tools. They report
thatthetemplatesarevery useful,thoughthey lose someof

theusefulnes®vertime. Basedon thesequalitative reports,
it is clearthatin anindustrialproject,a strongIDE suchas
Eclipse,is a valuabletool which providesmary bene tsin

comparisorto the alternatves.

Conclusion

In this paperwe discussedoth the architectureand devel-
opmentervironmentfor computedgeneratedorces,based
on an extendedversionof Soar On an architecturalevel
we proposedheadditionof anexplicit recipemechanisnto
Soar allowing re ection. Thisallowsaprogrammeto build
Soaroperatorqunits of behaior) that are highly reusable
and effective. We proposedhow sucha mechanisncould
act asa decision-makingkernel by implementingmultiple
selectionmechanisma®n top of it. Second,we discussed
the developmentand usageof an integrateddevelopment
ervironment(IDE) to build agentsusing our architecture.
We attemptedto draw lessonslearned,and highlight de-
sign choiceswhich we felt were importantfrom the per
spectve of anindustrialproject. We believe thoseinsights
cancontributetowardsthefuturedevelopmenbof computer
generatedorces,in complex dynamicvirtual worlds.
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