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Abstract
Crowdsimulationfor virtual environmentsoffers manychallengescenteredon thetrade-offs betweenrich behav-
ior, control andcomputationalcost.In thispaperwepresenta new approach to controlling thebehaviorof agents
in a crowd.Our methodis scalablein thesensethat increasinglycomplex crowdbehaviors canbecreatedwith-
out a correspondingincreasein the complexity of the agents.Our approach is also more authorable; users can
dynamicallyspecifywhich crowdbehaviorshappenin variouspartsof anenvironment.Finally, thecharactermo-
tion producedby our systemis visuallyconvincing. We achieveour aimswith a situation-basedcontrol structure.
Basicagentshavevery limited behaviors. As they enternew situations,additional, situation-speci�cbehaviors
are composedon the�y to enableagentsto respondappropriately. Thecompositionis doneusinga probabilistic
mechanism.Wedemonstrateour systemwith threeenvironmentsincludinga city streetanda theater.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Animation

1. Intr oduction

Crowds are an important feature of the real world, and
hencehighqualitycrowd simulationis vital for many virtual
environmentapplicationsin education,training, andenter-
tainment.Thereare several con�icting goalsin crowd an-
imation. Simple charactersare more ef�cient to evaluate,
but complex characterscan capturemore realistic crowd
behaviors. Authors needa control over the actionsof the
crowd, but we cannotcontrol every agentindividually. Fi-
nally, crowdsfor virtual environmentsmustbevisuallyplau-
sible.Scalablesimulationis requiredto addressthesecon-
�icting goals,particularlywith respectto thecomplexity of
theenvironmentandthewealthof behaviors requiredby the
crowd. In a scalablesimulation,thecomplexity of thechar-
actersandtheircontrolgrowsslowly astheenvironmentde-
mandsmoreof them,andvisualquality is alwaysretained.

In thispaperwepresentanovel approachfor simulatinga
crowd in a complex virtual environmentthat is scalable,di-
rectableandvisuallyconvincing.In thisapproachthecrowd
is simulatedon two levels (Figure1). At thehigh level, we
adopta situation-baseddistributedcontrol mechanismthat
giveseachagentin acrowd speci�c detailsabouthow to re-
actat any givenmomentbasedon its local environment.At
the low level we usea probability schemewhich computes

probabilitiesoverstatetransitionsandthensamplesto move
thesimulationforward.In addition,weuseaSnap-Together-
Motion[GSKJ02]processto maintainvisualmotionquality.
This ensuresthat thereareno artifactsasmotionsarecon-
catenatedtogetherover time.

The main inspirationfor our approachis the anonymity
offeredby crowds.Whenwe look at a crowd, we careonly
aboutwhat is happening,not who is doing it. This hastwo
implications.First,theactionsof thecrowd shouldbedriven
by situations– what is happening– and not by individu-
als. This motivatesour situation-basedstrategy. Secondly,
viewers of a crowd cannotindividually identify and track
agents.Rather, viewersareattentive to overall statisticsof
the crowd: the direction it' s moving, the apparentagita-
tion of its members,the numberof peoplewaiting for the
bus. Hence,the actionsof an individual matteronly in its
short-termcontribution to the crowd's behavior, andnot in
their long-termplanning.This motivatesour probabilistic
approachto simulation.

A key observation is that a given characteris never in
morethana few situationsat once.This limits thesetof be-
haviorsacharacterrequiresatany givenmoment.For exam-
ple,while watchinga movie anagentneedsto know how to
sit in atheater, but it doesn't needto rememberhow it bought
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Figure 1: An overview of our two-level agent architecture.
At the high level, situationscontrol the eventsthat agents
respondto,andprovidemechanismsfor handlingtheevents.
At thelow level,thebehaviorsresultingfrommultipleevents
are composedwith a probabilistic techniqueto choosethe
next action.

theticket,norhow it usesthebathroom.Weexploit thiswith
composablebehaviors. An agentstartsoff with simplebe-
havior models.Whenit entersasituation,suchasapproach-
ing a ticket booth,it is augmentedwith themachinerynec-
essaryto purchasetickets.Oncea ticket is purchased,the
machineryis removedagain.

The�rst advantageof this approachis easeof authoring;
it breakstheproblemof agentdesigninto thedesignof lo-
calactivities,ratherthanonemonolithicsystem.Second,re-
useis enhanced;thecorebehavior andactionscanbeused
in any environmentand the situationspeci�c modulescan
be sharedwherever situationsareshared.Third, ef�ciency
is improved; at any given momentan agentonly hasinfor-
mationfor the situationthat they arein – not all of the in-
formationfor theentireenvironment.Finally, de-centralized
controlof agentsmakesoverall performancescalable,espe-
cially whena largecrowd is simulated;eachsituationtakes
careof only asmallnumberof agents.

The situation-basedapproachputsan emphasison envi-
ronmentdesignbecauseoverall crowd movementdepends
on the situationspresentin the spaceand where they are
located.For specifyingsituations,we adopta painting in-
terface. It allows the user to specify a particularsituation
by drawing it on theenvironmentdirectly. Situationscanbe
easilycomposedby overlayingseveralin onearea.

The next sectionprovidesan overview of our approach,
followedby a review of relatedwork. Section4 explainsthe
probabilisticsimulationscheme.Section5 presentsthe de-
tails of our situation-basedapproach.We closewith several
experimentsanddiscussionof futurework.

2. Overview

Theaim of our simulationis to producethemomentto mo-
mentactionsof individualsin a crowd. At a giveninstantin
time,anindividual mayperformany numberof actions,but
in oursystemthesetis limited to thosethatweareableto an-
imate.Becauseweusemotionsynthesisbasedonconnecting
clips of existing motion(SnapTogetherMotion [GSKJ02]),
the individualshave a �nite repertoireof actions(theavail-
ableclips),andthereforeat any instantthey will have a dis-
cretesetof choicesfor whatactionto donext. Thesequence
of suchdiscretechoicesrepresentsthebehavior of anagent
over time.

SnapTogetherMotion constrainsthe set of transitions
from onestateto the next (for now, considera stateto be
a position and orientation)to the small set of movements
that can plausibly follow the currentstate.The set of ac-
tionsformsadirectedgraphwherethenodesrepresentstates
wheredifferentchoicesareavailable,andthe edgesrepre-
senttheactionsthatcanbeperformedin thatstate.Theuse
of a directedgraph,or �nite statemachine,is a common
mechanismfor synthesizingthemovementsof charactersin
interactivesystems.

Thebehaviorof anindividual characteris its sequenceof
actions.A particularsequencestemsfrom a setof choices:
in eachstate,thecharactermustchoosewhichstateto move
to next. An actionselectionmethodis analgorithmfor mak-
ing thechoices.Changesin themethodgive acharacterdis-
tinctivebehaviors.Ourchallengeis to createactionselection
methodsthatwork for crowd simulationandmeetour goals
of authorableandscalablebehaviors.

We exploit the observation that when individuals are
anonymoustheirspeci�c actionsmayappearsomewhatran-
dom.Consideramancrossingabusycity streetataparticu-
lar instant.Therearemany actionshemaychoose:hemight
continuewalkingacrossthestreet;hemight turnaroundand
walk back the way he came;he might glanceto the side
to check to seeif a car is disobeying the traf�c signals.
If we knew the individual, his choicemight be clear: we
might know that a particularpersonis proneto remember-
ing thatheforgot somethingin his of�ce while crossingthe
street.For anindividualweknow little about(amemberof a
crowd), wecannotsayfor certain.We thusmodeltheaction
choiceprobabilistically;a personcrossingthestreetis more
likely to keepcrossing,but thereis somechancethathemay
turnaroundandwalk back.

When a new state is required,our probabilistic action
selectionmethodconsidersthe choicesthat the character
hasfor its next state,createsa probabilitydistribution asto
which choiceis likely to be taken, thensamplesfrom this
distributionto determinethecourseof action.Thechallenge,
then,becomesdeterminingtheprobabilitydistributionssuch
thatthesequenceof actionchoicesleadsnot just to plausible
behavior of the individual, but alsothe desiredbehavior of
theentirecrowd.
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Complex behavior (and a correspondinglycomplex dis-
tribution function) is oftenmadefrom a numberof simpler
pieces.For example,a personwalking in the city will be
avoiding others,trying to move towardsa goal, trying to
obey traf�c laws, andso on. We de�ne behaviorfunctions
thatdescribetheactionsfor eachof thesesimplebehaviors
throughprobabilitydistributions.We composedistributions
to createthe �nal actionselectionmethod.In this way we
combinesimplefunctionsinto morecomplex aggregatebe-
haviors. Behavior functionsarediscussedin detail in Sec-
tion 4. A behavior functionmaydependonmany things.For
example,it maydependonthelocationof theindividual(the
middle of the streetis not a goodplaceto stop),what the
agentis ableto “sense”(wait until thesignalsays“walk” be-
fore crossing),or evenanaggregatecontrollerthatattempts
to regulatethe crowd (if therearetoo many peopleon one
sideof thestreet,it is morelikely for an individual to cross
sothatthingsarebetterbalanced).

Our situation-basedapproachdetermineswhich behavior
functionsarecurrentlyin�uencing acharacter, andhencede-
terminestheoverall behavior of eachagent.Whenacharac-
ter entersa situation,suchascrossingthestreet,our system
extendsthecharacterto enableappropriatebehavior. Primar-
ily, it addstemporarybehavior functionsto thecharacterthat
arecomposedwith its existingones,allowing it to chooseits
actionsmorewisely. Situationsmayalsoaddactionsto the
character- an individual neednot know how to look both
waysunlesssheor heis crossingthestreet.In fact,eventhe
character's ability to senseits environmentcanbe adapted
to the situation.Only when in the streetcrossingsituation
doesthe characterneedto know how to sensethe statusof
thecrossingsignal.Whenthecharacterleavesthesituation,
all of thesituation-speci�cextensionsareremoved.Section
5 describesthedetailsof extendingthebehaviorsof agents.

3. RelatedWork

For the generalpurposeof generatinghuman-like behav-
iors, many researchershave proposedcognitive agentar-
chitectures[FTT99,WCP� , AC01] that arecomprisedof a
knowledgerepresentation,algorithmsthatlearnnew knowl-
edge,and modulesthat plan actionsbasedon the knowl-
edge.Thesesystemsarenotscalablebecausetheircomplex-
ity grows at leastas rapidly as the overall environmental
complexity.

Rule-basedschemes,such as Reynolds' boids mod-
els [Rey87] are fastenoughfor usewith large numbersof
agents.Commercialsystems,suchas SoftImage/Behavior,
AI-Implant, CharacterStudio4.0andMassive[Koe]alsoap-
pearto be rule-based.Thesesystemsarenot scalablefrom
an authoringperspective. Creatingcrowds for complex en-
vironmentsis extremely time-consumingand error prone.
Real-timesystemsof the type we areconcernedwith can-
not touch-uppoorbehavior in theway thatof�ine �lm pro-
ductioncan.Hierarchicalschemeshavebeenproposedto ad-
dressscalability[FMS00,MT01]. In particular, Musseet.al.

endowscrowdswith differentlevelsof autonomyfor hierar-
chicalcrowd behaviors [MT01], but complex individual be-
haviorshavenotbeendemonstrated.

At the otherextreme,physics inspiredapproaches,such
as a social force models[HM95, HFV00] or particle sys-
tems[EE97,GLM99, BMdB03], cancreaterealisticcrowd
�o w but areonly applicableto situationssuchasemergency
evacuations,in whichcrowd behavior is limited andinterac-
tionswith theenvironmentareminimal.

In order to reduce the complexity of controlling
crowds yet retain detailed behaviors, several sys-
tems[FBT99, TLCC01, FMS98]have attachedinformation
to theenvironmentto guidethecharacterswithin it. Simple
examples include driving and pedestriansimulators that
embed lane or pathway information in the model. Our
approachalsoembedsinformation,suchasplannedpaths,
into the environment, but, in addition, we include the
behaviors to interpretthatinformation.

Themostcommerciallysuccessfulsystemof this type is
thecomputergame,TheSims[FW01], in which objectsad-
vertiseservices,suchas“satisfy hunger”,andde�ne a pro-
cedurethatis runwhenthecharacterrespondsto theservice.
TheSimshighlightstheauthoringadvantageof a rich envi-
ronment:part of the game's appealis the ability to easily
addnew objectsandhave charactersrespondto them.The
Simsadd behaviors by enforcinga speci�c, linear plan to
the interactingagents.If the desiredobject-speci�cbehav-
ior is not amenableto a simple plan, the approachbreaks
down. For instance,a “mingle with acrowd” behavior could
not beadded.Suchinteractionsmustbepartof thecharac-
ters innatebehavior, increasingits complexity. In contrast,
our methodadds“behaviors” that interacton equal terms
with the existing behaviors andhave all the power of rule-
basedstatemachines.This allows for muchsimplerunder-
lying charactersandmorecomplex extensionbehaviors.

Similar to The Sims, Kallmann and Thalmann [KT98]
describesmartobjects: objectsthatprovide a plan for their
use.The character, upon approachingan object, is told to
executeaspeci�c sequenceof steps.For instance,anelevator
informsacharacterto pushthebutton,wait, thenenterwhen
the door opens.This approachis similar to oursin that the
charactersareprovided all necessaryinformationfrom the
environmentdirectly. However, in ourapproachthesituation
is more generalconceptthat includesnon physical effects
suchasfriendshipamongcharacters.Moreover, ratherthan
indicatinga speci�c behavior to a characterat a particular
time,our situationsproposea composablebehavior thatcan
becombinedwith others.Oneresultof this is thatcharacters
in our systemdo not alwaysrespondto the sameobject in
thesameway, justasrealpeoplebehave.

Roboticsalgorithmshave beenappliedto animatemulti-
ple characters.Bayazit et. al. [BLA02] usesa global road
mapto setcollision-freepathsfor multiple characters,and
similar methodshave beenintroduced[Feu00]. Tsi-Yen Li
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et. al. proposedthe Leader-Follower model [LJC01], the
main goal of which is to generatecollision-freepathsfor
characters.Sincetheir focus is on path planningfor mul-
tiple characters,complex behavior suchas "�nd an empty
seatandsit down, thenwatchamovie" cannotbesimulated.
In our approach,collision avoidanceis achieved througha
behavior function that penalizesstateswhich may causea
collisionby giving low probabilityto them.

We needgoodmotion datato producevisually plausible
crowds. Many example-basedmotion synthesistechniques
basedon blending have been proposed[RCB98, KG03].
They typically interpolateseveral motionsto synthesizea
desirednew motion.For example,to get a walking motion
with a particularspeed,similar walking motionsarefound
in themotionsetandinterpolatedto getthedesiredwalk. In
our system,on the otherhand,we useappropriatemotions
directly without any interpolationbecausewe assumethata
behavior canberepresentedwith aseriesof motions.There-
fore, to simulatea particularbehavior, we only needto de-
terminewhichmotionsareappropriateandselectone,rather
thancreatinga new motion.Performanceis improved with
thisapproachbecausewedon't usesearchandinterpolation.

Tecchia et. al. [TC00, TLC02] describe a real-time,
image-basedalternative to motion-captureddatafor crowds.
However, the realismof image-basedapproachesis limited
by the amountof imagerythat must be storedin order to
handlearbitrary, close-upviewing conditions.

4. Probability Scheme

As describedin Section2, the behavior of an agentcomes
from its choices about which actions to take. At each
time step of the simulation, the agent has a state s =
f t;p;q;a;s� g, wheret is thetime,p is a2D positionvector,
q is anorientation,a is anactionands� is a list of previous
states.The positionandthe orientationindicatethe spatial
dispositionof thecharacter. Theactionis directly linkedto a
motionclip anddetermineswhich clip shouldbeplayedfor
the currentframe.The paststatesareusedby the behavior
mechanismto give somecorrelationin the agent's behav-
ior over time. Without somepreviousstateinformationit is
dif�cult to enforcebehaviors like “walk in a straightline”.
Theaim of theprobabilisticstateselectionmechanismis to
chooseanext stategiventhecurrentstate.

Thelink betweenactionsandmotionsmeansthatwehave
a �nite setof possiblechoicesfor the next action– it has
to beoneof theavailablemotionclips. Eachpotentialnext
statehasan associatedprobability representingthe chance
of beingselected.Our behaviors modify theseprobabilities
on the�y , aswell asthesetof potentialstates.Notethatthis
is conceptuallysimilar to probabilistic�nite statemachines
typically usedfor characterAI [WP01],but in our approach
both the stategraphandthe transitionmatrix aremodi�ed
at run time. Our statetransitionsalsorepresentlower level
behavior comparedwith traditional�nite statemachines.

4.1. Behavior functions and behavior composition

Whenexaminingthe movementof a crowd in real life, we
easilyseethattherearemany differentfactorsthatin�uence
thebehavior of anagent.For example,peoplemight change
their routedependingon whetheror not thereis a personor
objectnearby. Or, if they have a target placethat they are
moving toward, they usuallygo asstraightaspossible.To
simulatecrowd behavior realistically, weneedaway to take
accountof thesevariouskinds of factorsand synthesizea
complex behavior thatre�ects them.Morespeci�cally, given
thepossiblenext states,we needa way to judgethesestates
from thepointof view of differentfactorsandthencompose
transitionprobabilitiesto re�ect all factors.

Eachin�uence on theagentis encodedin a behaviorand
specialfunctionscalledbehaviorfunctionsperformthetask
of transforminga behavior into a setof transitionprobabili-
tieson states.For example,the“overlapbehavior function”
takescareof avoiding otheragents.The“Don' t turn behav-
ior function” checksif a statetransitioncausestoo much
changein orientation.Thebehavior functionsjudgethepo-
tential statetransitionswith their own rules independently
andreturntheprobabilities.

Suppose the set of possible next states is
S= f s1;s2; :::;smg, where si is a particular state. Note
there are m states.A behavior function, k, evaluatesall
statesin S and calculatestheir probabilities.A prototype
behavior functionis shown below.

Behavior function k(StatesS[ ], ProbP[ ])
{

For states in setSdo:
x = evaluate(s)
Pk(s) = sigmoid(x;a)

}

Theevaluateroutineinsidea behavior function is a gen-
eral function that can useany information available to it,
suchasthestateof variousfeaturesof theenvironmentor the
paststateof theagentor distancefrom apositionin theenvi-
ronment.Theevaluationfunctioncharacterizesaconceptual
notion of “behavior” that the behavior function is trying to
model.Consideringtheseinformation,theevaluatefunction
returnsany real value.Then,thevalueis normalizedto the
range[0;1) usingasigmoidfunction:

Pk(s) =
1

1+ e� ax (1)

We do this to make compositionof behaviors morestable.
Theconstanta determinestheslopeof thecurveandbecho-
sendifferentlyfor eachbehavior function.Thevaluesweuse
rangefrom 1.0to 10.0.

Theprimaryreasonfor usingbehavior functionsis thatwe
areableto composeseveralcomponentbehaviors to synthe-
sizemorecomplex behaviors thatembodyall thein�uences
of the componentbehaviors. Compositionof behaviors is
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Figure2: Thebehaviorfunctionscomputetheprobabilityof
inputstatesindependently. Theprobabilitydistributionsthat
are computedfrom behaviorfunctionsare thencomposed.
Finally, the next stateis selectedthrough samplingon the
composedprobabilitydistribution.

simply the multiplication of the probabilitiesthe behavior
functionsproduce(seeFigure2). Thatis,

P0(s) =
n

Õ
k= 1

Pk(s)

wheren is the numberof composedbehavior functions,s
is a possiblenext state,the Pk(s) is a probability distribu-
tion from kth behavior function andP0(s) is an unnormal-
izedprobabilitydistribution function.We usemultiplication
becauseit allows onebehavior to vetoa statetransition(by
settingits probabilityto 0). Finally, re-normalizationshould
beperformedon the�nal composedprobabilitydistribution
to easesampling.For eachstatesi :

P(si) =
P0(si)

å m
j= 1 P0(sj )

Oncewe have a �nal probabilitydistribution, thesimula-
tion algorithmchoosestheparticularstatetransitionto per-
form by samplingaccordingto P(s). The samplingallows
the characterto choosenot only stateswith high probabil-
ity but alsostateswith low probability, eventhoughit' s not
frequent.Thisgivesthecrowd anelementof randomness.

4.2. Default statesand behaviors

If an agentis not in any speci�c situation,we would still
like it to exhibit certaindefault actions.This relieves the
user from having to specify a situationfor every point in
theworld. Thedefault statetransitionsin our systemarethe
identity transition(whichdoesnotchangetheagent's state),
� ve walking actionswith differentturn anglesandsix turn-

ing in placeactionswith different angles.Eachtransition
takes a characterfrom one position and orientationin the
environmentto another, andhasanassociatedmotionclip.

Severaldifferentdefaultbehavior functionsarecombined
to producea sequenceof statesappropriatefor a character
wanderingthroughanenvironment.

� ImageLookupBehavior : Thisbehavior getsabitmapde-
scribingtheobstaclesin theenvironment,andgiveszero
probability to statesthat causethe characterto entera
placewheresomeobjectsarelocated.Otherwise,it gives
highprobability.

� TargetFind Behavior : If the characterhas a goal po-
sition, this behavior giveshigh probability to statesthat
make thecharactermove towardtheposition.Otherwise,
it gives low probability. Basically, this behavior is for
moving charactersfrom one place to anotherthrough
pathplanning.WeusetheProbabilisticRoadMap(PRM)
method[KL94, OS94] in whichmany way-pointsaredis-
tributedrandomlyin theenvironmentandlinkedtogether
with Dijkstra's all-pairsshortestpathalgorithmincluding
visibility. Sincewe computeall-pairspathsbetweentwo
waypointsin apreprocessingstep,atrun-timewecan�nd
any pathin realtime.

� Overlap Behavior : This behavior giveszeroprobability
to statesthatcauseacollisionwith anothercharacter. Oth-
erwise,it giveshigh probability. The collision detection
algorithmusedin our systemis a simpleadaptive spatial
subdivision.

Thesedefault behaviors arealwayscomposedunlessan
agentis in asituationthatspeci�cally ignoresthem(seeSec-
tion 5.2).

5. Situation and pluggablecharacter architecture

Our basicassumptionis that an environmentconsistsof a
setof differentsituationsandonly a few charactersareun-
der the samesituationat the sametime. A situationis dis-
tinguishedfrom othersituationsby what typical behaviors
the crowd can show. That is, the situation in our system
controlsthebehaviors of a local groupof agents.This pro-
videsdistributedcontroloverthecrowd becausewecangive
situation-speci�c behaviors to charactersonly when they
needthem.In addition,our approachprovidescomposabil-
ity amongmultiple situationsso that agentscanrespondto
the complex scenariowhen several different situationsare
combined.

A situationcanbeany circumstancethathastypical local
behaviors. From observationsof real people,we easilysee
that oneof the most importantfactorsthat affect agentbe-
havior is its spatiallocation.For instance,abehavior for get-
ting on or off a buscanbeseenonly at thebusstop.There-
fore,wecansetthe“busstop”situationaroundthebusstop.
Therelationshipbetweenpeopleis anotherimportantfactor
in determiningbehavior. Friendsusuallywalk togetherwhen
they move.Therefore,“walking-together”is atypicalbehav-
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Figure 3: Whenan agent is undera situation,it getsall the
informationfromthesituationdirectly. This includesstates,
behaviorfunctions,sensorsandeventrules.

ior thatcanbeseenamongpeoplewith friendship.It means
that“friendship” canbeanothersituation.We categorizeall
situationsinto two differentkinds.

� Spatial situation: The situationhasa region that it af-
fectsin theenvironment(e.g,busstop,ticketbooth,ATM
machine).This situationcannotbemovedafterde�nition
(whichcanbeat run-time)but canbedeletedat run-time.

� Non-spatial situation: This situation (e.g friendship,
group)doesnot have any region in the environmentbe-
causeit is attachedto thecrowd directly, not to theenvi-
ronment.Therefore,this situationcanonly be setat run
time andagentsareexplicitly addedor removedfrom the
situationby theuser.

Thestructureof a situationis shown in Figure3. Thebe-
havior functionsimplementbehaviors speci�c to the situa-
tion, thesensorsprovide sensingcapabilityfor charactersto
catchevents,statesarestatetransitions(motion clips) that
areusedonly for the local behaviors, andthe event rule is
a way to relateeventsto speci�c behaviors.Whena charac-
ter is underasituation,all thesecomponentsareaddedto its
representationat the sametime. For a spatialsituation,the
componentsareaddedwhenthecharacter�rst entersthesit-
uation's region of in�uence. For non-spatialsituations,the
characteris affectedwhentheuserassignsthesituationto it.
Thecomponentsareremovedfrom theagentwhenit leaves
thesituation's region or thesituationis otherwiseremoved.
Thisdynamicaddingandremoval of behaviorsenablesusto
achievescalableagents.

The �rst thing a situationdoesto an agentunderits in-
�uence is extendits statesby addingnew transitionsto the
agent's currentstatetransitiongraph.We refer to this asex-
tendingthegraph.At thesametime, this increasesthenum-
berof statesavailablefor selectionby theprobabilisticselec-
tion mechanism.An exampleof anextendedgraphis shown
in Figure4. In essence,eachsituationhasits own smallstate
transitiongraphthatis graftedontotheagentsexistinggraph
by connectingnew transitionedges.Eachsituationknows
wherein theagent's default graphits own smallstategraph

State

State
  A

State
  C

State
  B

State

State

[approach]
[sit down]

[stand up]

DEFAULT STATES EXTENSABLE STATES

Figure4: Thestatesareorganizedasa graphstructureand
thegraph is extendedby addinga new sub-graphwhenthe
agentis in somesituation.

shouldbe linked to. Therecan be multiple transitionsbe-
tweentheexistinggraphandthenew portion.

5.1. Virtual sensorsand memory

The eventscontrol the actionof local behaviors in a situa-
tion.Thatis,dependingonwhathappensin theenvironment,
differenteventsaresentandthesechangetheagent'sbehav-
iors. The eventsare capturedby virtual sensorswhich are
attachedto thecharacterby a situation.Thecapturedevents
arestoredin a list in character's virtual memorystructure.
Whenasituationattachesa sensor, thesensorcreatesanen-
try in this list andupdatesit whenever thecharacterusesthe
sensor. Thecontentsof virtual memoryarewipedout when
they areno longerin thesituation.

In our system,we usefour differentsensorsto catchfour
differentevents.

� Empty sensor: This sensorchecksfor the presenceof
any agentsin aparticularpositionin theenvironment.

� Proximity sensor : This sensormaintainsthe distance
from a characterto a particularposition in the environ-
ment.

� Signalsensor: Thissensorcheckswhetheror notasignal
in theenvironmentis on.

� Agent sensor : This sensorchecksa particularagent's
motionandbehavior includingpositionandorientation.

Given eventscapturedfrom sensors,the event rules in-
form the agentwhich behavior functions to evaluateand
compose,andcanprovide argumentsto behavior functions
that dependon the sensor. For example,supposea charac-
ter is in a “crosswalk situation”, thenthe situationattaches
a signalsensorto thecharacterto catchthetraf�c sign.The
associatedbehavior rule checksthesensorandappliesa be-
havior suitedeitherto waiting (if the light saysdon't walk)
or to crossingthestreet.Thesedynamicbehaviors arecom-
posedwith othersto determinethecharacter'sactions.In our
system,theeventrulesareencodedasPythonscript�les and
loadedautomaticallywhensimulationbegins.
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Figure5: Left: Spatialsituationscanbeeasilysetbydraw-
ing directly on the environment.Situationcompositioncan
bespeci�edby overlayingregions.Right: Non-spatialsitu-
ationcanbeseton thecrowdbygroupingparticipants.

5.2. Situation Composition

In general,agentsare underseveral situationsat the same
time.This is especiallytrueof non-spatialsituationssuchas
group membershipthat must be composedwith behaviors
for �x ed areaslike a bus stop. In our system,the compo-
sition of two situationsis similar to taking their setunion:
any statebelongingto eitheris extendedontothegraph,and
any behavior functionrequiredby eitheris added,asareany
sensors.

Somesituationsmustprevent certainbehaviors from oc-
curring. For example, in the benchsituation, to make an
agentsit down ataspeci�c position,the”don't turn” default
behavior shouldbeignoredin composingthebehaviors.This
is achieved throughevent rules that speci�cally deletethe
undesirablebehavior from thecomposition.

5.3. Painting interface

Thesituation-basedapproachputsanemphasison environ-
mentdesignbecausethecrowd'sbehavior dependsonwhere
a particularsituationis located(for thecaseof spatialsitu-
ation) andwhat situationsthe agentsarein. For specifying
a particularsituationon theenvironment,we adopta paint-
ing interface. This allows us to specifysituationseasilyby
drawing their regionsontheenvironmentdirectly likedraw-
ing apictureonthecanvas.Paintingis particularlyusefulfor
spatialsituations.For non-spatialsituations,weusestandard
techniquesto selecttheagentsto whomthesituationshould
apply.

The painting interface is basedon a layeredstructure
whereeachlayer representsa region for a situationand is
savedasabitmap�le. Thelayeredstructuremakessituation
compositioneasybecauseit is doneby overlappingseveral
layers.Figure5 shows thepaintinginterfacefor spatialand
non-spatialsituations.

6. Experimentsand Results

We have performedexperimentson a PC with a 1.3GHz
Athlon processorand1GB of memory. At the designstage
of a crowd environment,a physical environmentand situ-
ationsthatwill be �x ed for thesimulationarede�ned with
thepaintinginterface.At run-time,non-spatialsituationsand

Crosswalk with traffic signal Crosswalk without traffic signalRoad 

Sidewalk

3

12 4

Figure 6: Top: Plan of thestreetenvironment(numbers in-
dicatesituations).Bottom:3D view of thestreet.

run-timespatialsituationsarespeci�ed.Theactualenviron-
ment�le is a Pythonscriptincludinglinks for situation�les
which arealsoencodedasPythonscripts.Onceall thesitu-
ationsandtheenvironmentareset,crowdsarecreatedeither
manuallyby the useror automaticallyby the program,and
thensimulated.

To verify ourapproach,wetestedoursystemonthreedif-
ferentenvironments,which are the streetenvironment,the
theaterenvironment,and the �eld environment.To clarify
the locationof situationswithin anenvironment,we put an
identifyingsituationnumberin parenthesisandusethenum-
bersin theassociated�gures.

6.1. StreetEnvir onment

In this environment,we madetwo crosswalksandtwo side-
walksonacity street(Figure6 andFigure7).Onecrosswalk
hasa traf�c signandtheotheronedoesnot. For thecross-
walk with a traf�c sign, we composedtwo situations:the
“crossingstreet”situation(1) andthe“traf�c sign” situation
(2). For the unsignedcrosswalk, we just usedthe unsigned
“crossingstreet”situation(4). Also, in the middle of street
awayfrom thetwo crosswalks,weputan“in-a-hurry” situa-
tion (3). At thebeginningof simulation,peoplearewalking
on the sidewalk. But when they meetthe crosswalks, they
begin to respondto the situations.At the crosswalk with a
traf�c sign, they �rst checkthe traf�c sign using a sensor
that is providedby thesituation,andwait for thetraf�c sig-
nal beforecrossing.At thecrosswalk without a traf�c sign,
on the otherhand,peoplejust crossthe street.Meanwhile,
if they arein the“in-a-hurry” situation,they crossthestreet
without using crosswalks. The “in-a-hurry” situationadds
runningtransitionsto theagent's statetransitiongraphs,al-
lowing the crowd to run ratherthanwalk whencrossingin
anunmarkedarea.

Dueto thesamplingstrategy, somepeoplewhoaretrying
to crossthe streetmight be turning backto the sidewalk at
themiddleof crosswalk. To solve this problem,we canad-
just theweightingconstanta in equation1 for thecrossing
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Figure7: Crowdbehaviorin a gameengine.

behavior function so that oncethey arecrossingthe street,
they continueto walk until they reachtheothersideof cross-
walk.

6.2. Theater Envir onment

In this experiment,we madea complex theaterenvironment
in which therearefour differentrooms.Theseroomsarea
ticket booth,a lobby, a movie room,andrestrooms.In each
room,wesetseveralsituationsandhavesomeof themover-
lappedandhencecomposed.Figure8 shows thetheateren-
vironment.Thevariousregionsare:

� Ticket booth : In the ticket booth,we seta “horizontal
queue”situation(10)anda“follow” situation(11).When
agentsentersthe“horizontalqueue”situation,they stand
in aline andtry to buy aticket,oneby one.After that,they
areguidedby the“follow” situationandenterthelobbyof
thetheater.

� Lobby : In the lobby, we set two “gathering”situations
(5,6),a“stay-in” situation(9), another“horizontalqueue”
situation(7), a “talk” situation(12) and three“vending
machine”situations(8). Among the two gatheringsitua-
tions,one(5) is composedwith a“talk” situation(12).For
thecaseof (6), only a“gathering”situationis used.When
agentsmeet the “gathering” situation (6), they gather
aroundfor aprede�neddurationandthenspreadapart.On
theotherhand,in thecase(5), they gatheraroundfor the
prede�neddurationaswell, but alsosometimesshow the
talkingbehavior dueto the“talk” situation.At the“vend-
ing” machinesituation,thecrowd stopsfor a little while,
and thenmoves forward. It is intendedto simulatepur-
chasingsomethingfrom the machine(we were limited
by available motion). The “stay-in” situationcovers the
lobby and restroomand keepsthe crowd in thoseareas
beforethe movie time. This situationaddsa signalsen-
sor to all agentsin thearea.If thesignalfrom thesensor
is off, they stayin thelobby or therestrooms.Otherwise,
they move to themovie roomthroughpathplanning.

� Restroom : In the restroom,we put three“bench” situa-
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Movie room

Store
Vending machine

12

Figure 8: Left: Plan of thetheaterenvironment(thenumber
indicatessituations)Right: 3D view of thetheater.

tions(3), andthree“exclusive” situations(2). The“exclu-
sive” situationspreventmorethanonepersonfromgetting
into thesamerestroomat thesametime.

� Movie room : In the movie room, we set three “seat”
situations(1). Eachsituationmakesseven characterssit
down in theregion,oneonaseat.Whenpeoplearein the
situation,they areprovidedemptysensorsandproximity
sensors.Using thesesensors,they know which seatsare
emptyandwhichseatsareoccupied.If they �nd anempty
seat,they move thereandsit down.

6.3. Field Envir onment

In order to show that situationscanbe setat run-time,we
createa simple�eld environmentandput a relatively large
crowd of 200agentsin theenvironment(Figure9). At run-
time,a “follow” situation(1) is setby thepaintinginterface.
Dueto this situation,thecrowd �o w throughtheregion and
gathersat its end.At that point, we seta “group” situation
(2) on them(a non-spatialsituation).At the sametime we
disablethe “follow” situation,which resultsin the crowd
spreadingaround.However, if we composea closebehav-
ior functionwith the“group” situation,they gatherback.

6.4. Performancemeasurement

To explore theperformanceof our approach,we conducted
threetests.First, we measuredthe averagememoryuseof
500agentsfor 2,000simulationstepsasthesituationalcom-
plexity of theenvironmentincreased.We built up anempty
roomwith thepaintinginterfaceandputanincreasingnum-
ber of randomlyselectedsituationsin the environment.As
we increasedthe numberof situations,we computedthe
memoryusageateachof 2000simulationstepsbeforeaver-
agingacrosssteps.To examinetherateof growth of simula-
tion timeasafunctionof situationalcomplexity, werepeated
theexperimentbut thistimecomputedtheaverageamountof
timespentonanimatingtheenvironment(excludingrender-
ing) perframeof motion,or 1

30th of asecond.Theresultsare
shown in Figure10. Notethat thecomplexity grows slowly
asa functionof thenumberof situations,suggestingourap-
proachis successful.
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1 2

Figure9: TopLeft: A crowdis reactingto a “follow” situa-
tion. Top Right: We set a “gr oup” situationon the crowd
without adding any other behaviors. Bottom left: Due to
thegroupsituation,thecrowdspreadsaround(wehavedis-
abled the “follow” situation.Bottom right: peoplegather
back whenwe composea “close” situationwith the group
situation.
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Figure10: TopRight: Theaveragememoryuseof 500agent
for 2,000simulationtime. TopLeft: Theaveragesimulation
time of 500 agentsfor 2,000simulationtime. Bottom Left:
Theaveragesimulationtimeof crowdwith the�xed number
of situations.

We alsoexaminedthecostof simulatingincreasingnum-
bersof agentswith a �x ednumberof situations(10).Again
we averagedthe time taken to simulateeachframeof mo-
tion.Theresultsareshown in Figure10.Evenfor 500agents
wecancomputeall thebehavioral andmotioninformationin
around2.5ms,representinglessthan7.5%of theitmeavail-
ablefor eachframe.

7. Discussion

In this paperwe have introduceda new framework for syn-
thesizingvirtual crowds in complex environments.At the
high level, we usea situation-basedapproachthat provides
a scalablemechanismto control the local behaviors of the
crowd. At thelow level of theframework, we adopta prob-
ability schemethat composesthe in�uence of several be-
haviors to drive a realistic motion synthesissystem.We
have demonstratedthat our framework cancreatecomplex
crowd behaviors throughthe compositionof situationsand
the compositionof behaviors while minimizing datastored
in eachcharacter.

Thereare several ways in which we could improve our
system.We have not experimentedwith situationsthatcon-
trol the densityof the crowd or othermulti-agentstatistics.
Thiscouldbedonewith moreintelligentsituationsthatacted
assimulationentitiesin their own right by dynamicallyad-
justingthebehaviors they addto agents.Fromanef�ciency
standpoint,in our currentsystemwe assumethatall crowds
go throughthe simulationstepat the sametime. In order
to simulatea massive crowd like 10,000people,we needto
avoid this work in someway, possiblyby composinglonger
piecesof motionthathencerequirelessfrequenttransitions.

Finally, while ourprobabilisticcompositionframework is
ef�cient and works well in the situationswe have experi-
mentedwith, it haslimitations asthe time scaleof actions
increases.In otherwords,theagentneedsto remembermore
and more past statesin order to piece togetherlong run-
ning actions.We would like to explore other mechanisms
for combiningbehaviors.

Ourmethodis a signi�cant advancein scalablebehaviors
for characters.Architecturessuchasourswill be essential
for controllingthedesigncomplexity of virtual agentsasthe
environmentsthey populatecontinueto evolve.
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