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Abstract

Crowdsimulationfor virtual ervironmentoffers manychallengescenteed on thetrade-ofs betweerrich behav-
ior, contiol andcomputationatost.In this paperwepresenia new approad to contwolling thebehaviorof agents
in a crowd. Our methodis scalablein the sensethat increasinglycomple crowd behavios can be createdwith-

out a correspondingncreasein the compleity of the agents.Our appmoad is also more authomble; uses can
dynamicallyspecifywhich crowdbehavios happenin variouspartsof an ervironmentFinally, thecharactermo-
tion producedby our systenis visually corvincing We achieve our aimswith a situation-basedontrol structure.

Basic agentshavevery limited behavios. As they enter new situations,additional, situation-speci cbehavios
are composednthe y to enableagentsto respondappropriately Thecompositioris doneusinga probabilistic
medanismWe demonstate our systenwith threeervironmentsncludinga city streetanda theater

CategyoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.7 [ComputerGraphics]:Animation

1. Intr oduction

Crowds are an important feature of the real world, and
hencehigh quality crowd simulationis vital for mary virtual
ervironmentapplicationsin education training, and enter

tainment.Thereare several con icting goalsin crovd an-
imation. Simple charactersare more ef cient to evaluate,
but complex characterscan capturemore realistic crowd
behaiors. Authors needa control over the actionsof the
crowd, but we cannotcontrol every agentindividually. Fi-

nally, crowdsfor virtual environmentanustbevisually plau-
sible. Scalablesimulationis requiredto addresghesecon-
icting goals,particularlywith respecto the compleity of
theenvironmentandthewealthof behaiors requiredby the
crowd. In a scalablesimulation,the complexity of the char

actersandtheir controlgrows slowly astheervironmentde-
mandsmoreof them,andvisualquality is alwaysretained.

In this papemwe present novel approacHor simulatinga
crowd in acomple virtual environmentthatis scalabledi-
rectableandvisually corvincing. In this approachhe crowd
is simulatedon two levels (Figure 1). At the high level, we
adopta situation-basedlistributed control mechanisnthat
giveseachagentin acrowd speci ¢ detailsabouthow to re-
actatary givenmomentbasedon its local ervironment.At
the low level we usea probability schemewhich computes
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probabilitiesover statetransitionsandthensamplego move
thesimulationforward.In addition,we usea Snap-bgether
Motion [GSKJO02]procesgo maintainvisualmotionquality.
This ensuredhat thereare no artifactsas motionsare con-
catenatedogethermvertime.

The main inspirationfor our approachis the anorymity
offeredby crowds. Whenwe look at a crowd, we careonly
aboutwhatis happeningnot whois doingit. This hastwo
implications.First, theactionsof the crowd shouldbedriven
by situations— what is happening- and not by individu-
als. This motivatesour situation-basedtratey. Secondly
viewers of a crownd cannotindividually identify and track
agents Rather viewers are attentve to overall statisticsof
the crowd: the direction it's moving, the apparentagita-
tion of its membersthe numberof peoplewaiting for the
bus. Hence,the actionsof anindividual matteronly in its
short-termcontrikution to the crowd's behaior, andnotin
their long-term planning. This motivatesour probabilistic
approacho simulation.

A key obsenation is that a given characteris never in
morethana few situationsat once.This limits the setof be-
haviors acharacterequiresatary givenmomentFor exam-
ple, while watchinga movie anagentneedgo know how to
sitin atheaterbutit doesnt needto remembehow it bought
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Figure 1: An overviev of our two-level agent architecture.

At the high level, situationscontmol the eventsthat agents
respondo, andprovidemedanismdor handlingtheevents.
Atthelow level,thebehavios resultingfrommultipleevents
are composedvith a probabilistic techniqueto choosethe
next action.

theticket, norhow it useghebathroomWe exploit thiswith
composabléehaiors. An agentstartsoff with simple be-
havior models Whenit entersa situation,suchasapproach-
ing aticket booth,it is augmentedvith the machinerynec-
essaryto purchasetickets. Oncea ticket is purchasedthe
machineryis removedagain.

The rst adwantageof this approacltis easeof authoring;
it breaksthe problemof agentdesigninto the designof lo-
cal activities, ratherthanonemonolithicsystem Secondre-
useis enhancedthe corebehaior andactionscanbe used
in ary ervironmentand the situationspeci ¢ modulescan
be sharedwherever situationsare shared.Third, ef ciency
is improved; at ary given momentan agentonly hasinfor-
mationfor the situationthatthey arein — not all of the in-
formationfor theentireervironment.Finally, de-centralized
controlof agentamakesoverall performancescalableespe-
cially whenalarge crowd is simulated;eachsituationtakes
careof only asmallnumberof agents.

The situation-base@pproachputs an emphasion envi-
ronmentdesignbecauseoverall crovd movementdepends
on the situationspresentin the spaceand wherethey are
located.For specifyingsituations,we adopta painting in-
terface It allows the userto specify a particular situation
by drawing it ontheervironmentdirectly. Situationscanbe
easilycomposedy overlayingseveralin onearea.

The next sectionprovidesan overvien of our approach,
followedby areview of relatedwork. Section4 explainsthe
probabilisticsimulationscheme Section5 presentghe de-
tails of our situation-basedpproachWe closewith several
experimentsanddiscussiorof futurework.

2. Overview

Theaim of our simulationis to producethe momentto mo-
mentactionsof individualsin acrowvd. At a giveninstantin
time, anindividual may performary numberof actions but
in our systenthesetis limited to thosethatwe areableto an-
imate.Becauseve usemotionsynthesidasednconnecting
clips of existing motion (SnapTogetheMotion [GSKJ02]),
theindividualshave a nite repertoireof actions(the avail-
ableclips), andthereforeat ary instantthey will have adis-
cretesetof choicedfor whatactionto do next. Thesequence
of suchdiscretechoicesrepresentshe behaior of anagent
overtime.

Snap TogetherMotion constrainsthe set of transitions
from one stateto 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-
tionsformsadirectedgraphwherethenodesepresenstates
wheredifferentchoicesare available, and the edgesrepre-
sentthe actionsthatcanbe performedin thatstate.The use
of a directedgraph,or nite statemachine,is a common
mechanisnior synthesizinghe movementsf charactersn
interactie systems.

Thebehaviorof anindividual characteis its sequencef
actions.A particularsequencetemsfrom a setof choices:
in eachstate the charactemustchoosewhich stateto move
to next. An actionselectiormethods analgorithmfor mak-
ing the choices Changesn the methodgive a charactedis-
tinctive behaiors. Ourchallengds to createactionselection
methodshatwork for crowd simulationandmeetour goals
of authorableandscalablebehaiors.

We exploit the obsenation that when individuals are
anorymoustheir speci ¢ actionsmayappeaisomevhatran-
dom.Consideramancrossingabusy city streetata particu-
lar instant.Therearemary actionshe maychoosehemight
continuewalking acrosghestreethemightturnaroundand
walk back the way he came;he might glanceto the side
to checkto seeif a caris disobging the trafc signals.
If we knew the individual, his choice might be clear: we
might know thata particularpersonis proneto remember
ing thatheforgot somethingn his of ce while crossingthe
streetFor anindividualwe know little about(a memberof a
crowd), we cannotsayfor certain.We thusmodelthe action
choiceprobabilistically;a personcrossingthe streetis more
likely to keepcrossing put thereis somechancethathemay
turn aroundandwalk back.

When a new stateis required,our probabilistic action
selectionmethod considersthe choicesthat the character
hasfor its next state,createsa probability distribution asto
which choiceis likely to be taken, then samplesfrom this
distributionto determinehecourseof action.Thechallenge,
then,becomesieterminingheprobabilitydistributionssuch
thatthesequencef actionchoicedeadsnotjustto plausible
behaior of the individual, but alsothe desiredbehaior of
theentirecrowd.
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Comple behaior (and a correspondinglycomple dis-
tribution function) is often madefrom a numberof simpler
pieces.For example,a personwalking in the city will be
avoiding others,trying to move towards a goal, trying to
obey trafc laws, andso on. We de ne behaviorfunctions
thatdescribethe actionsfor eachof thesesimple behaiors
throughprobability distributions.We composedistributions
to createthe nal actionselectionmethod.In this way we
combinesimplefunctionsinto morecomplex aggrejatebe-
haviors. Behavior functionsare discussedn detailin Sec-
tion 4. A behaior functionmaydependn mary things.For
example,it maydependnthelocationof theindividual (the
middle of the streetis not a good placeto stop), what the
agents ableto “sense”(wait until thesignalsays‘walk” be-
fore crossing) or evenanaggrgatecontrollerthatattempts
to regulatethe crowd (if therearetoo mary peopleon one
sideof the street,it is morelikely for anindividual to cross
sothatthingsarebetterbalanced).

Our situation-basedpproacltdeterminesvhich behaior
functionsarecurrentlyin uencing acharacterandhencede-
terminesthe overall behaior of eachagent Whenacharac-
ter entersa situation,suchascrossingthe street,our system
extendsthecharacteto enableappropriatdehaior. Primar
ily, it addstemporarybehaior functionsto thecharactethat
arecomposedvith its existing ones allowing it to chooséets
actionsmorewisely. Situationsmay alsoaddactionsto the
character- anindividual neednot know how to look both
waysunlesssheor heis crossingthe street.In fact,eventhe
charactes ability to senseits ervironmentcanbe adapted
to the situation.Only whenin the streetcrossingsituation
doesthe charactemeedto know how to sensehe statusof
the crossingsignal.Whenthe characteteavesthe situation,
all of the situation-speci cextensionsareremoved. Section
5 describeghe detailsof extendingthe behaviors of agents.

3. RelatedWork

For the generalpurposeof generatinghuman-lile behar-
iors, mary researcherhiave proposedcognitive agentar
chitecturedFTT99, WCP , AC01] that are comprisedof a
knowledgerepresentatiorglgorithmsthatlearnnew knowl-
edge,and modulesthat plan actionsbasedon the knowl-
edge Thesesystemsaarenotscalabldecauseheircomplex-
ity grows at leastas rapidly as the overall environmental
complexity.

Rule-basedschemes,such as Reynolds' boids mod-
els[Rey87] arefastenoughfor usewith large numbersof
agents.Commercialsystemssuchas Softimae/Behavior
Al-Implant CharacterStudio4.0andMassivgK oe]alsoap-
pearto be rule-basedThesesystemsare not scalablefrom
an authoringperspectie. Creatingcrowds for complex en-
vironmentsis extremely time-consumingand error prone.
Real-timesystemsof the type we are concernedvith can-
not touch-uppoor behaior in theway thatof ine Im pro-
ductioncan.Hierarchicakchemesiave beenproposedo ad-
dressscalability[FMS00,MTO01]. In particular Musseet. al.
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endavs crovdswith differentlevels of autonomyfor hierar
chicalcrowd behaiors [MT01], but comple individual be-
haviors have notbeendemonstrated.

At the other extreme, physicsinspiredapproachessuch
as a social force models[HM95, HFV0O0] or particle sys-
tems[EE97,GLM99, BMdBO03], cancreaterealisticcrovd
o w but areonly applicableto situationssuchasemegeng
evacuationsin which crowd behaior is limited andinterac-
tionswith the ervironmentareminimal.

In order to reduce the compleity of controlling
crovds yet retain detailed behaiors, several sys-
tems[FBT99, TLCCO01, FMS98] have attachednformation
to the ervironmentto guidethe charactersvithin it. Simple
examplesinclude driving and pedestriansimulators that
embed lane or pathway information in the model. Our
approachalso embedsinformation, suchas plannedpaths,
into the ervironment, but, in addition, we include the
behaviosto interpretthatinformation.

The mostcommerciallysuccessfusystemof this typeis
the computergame, The Sims[FWO01], in which objectsad-
vertiseservicessuchas“satisfy hunger”,andde ne a pro-
cedurethatis runwhenthecharacterespondso theservice.
The Simshighlightsthe authoringadvantageof arich envi-
ronment:part of the games appealis the ability to easily
addnew objectsand have charactersespondto them. The
Simsadd behaiiors by enforcinga speci ¢, linear plan to
the interactingagents|f the desiredobject-speci cheha-
ior is not amenabldao a simple plan, the approachbreaks
down. For instancea “mingle with acrowd” behaior could
not be added.Suchinteractionsmustbe part of the charac-
tersinnatebehaior, increasingits compleity. In contrast,
our methodadds“behaviors” that interacton equalterms
with the existing behaiors andhave all the power of rule-
basedstatemachinesThis allows for muchsimplerunder
lying characterandmorecomple extensionbehaiors.

Similar to The Sims Kallmann and Thalmann [KT98]
describesmartobjects objectsthat provide a planfor their
use. The characterupon approachingan object, is told to
executeaspeci ¢ sequencef stepsForinstanceanelevator
informsacharacteto pushthebutton,wait, thenenterwhen
the door opens.This approachs similar to oursin thatthe
charactersre provided all necessarynformationfrom the
ervironmentdirectly. However, in ourapproactihesituation
is more generalconceptthat includesnon physical effects
suchasfriendshipamongcharactersMoreover, ratherthan
indicating a speci ¢ behaior to a characterat a particular
time, our situationgproposea composabldehaior thatcan
becombinedwith others Oneresultof thisis thatcharacters
in our systemdo not alwaysrespondto the sameobjectin
thesameway, justasreal peoplebehae.

Roboticsalgorithmshave beenappliedto animatemulti-
ple charactersBayazitet. al. [BLAO2] usesa global road
mapto setcollision-freepathsfor multiple charactersand
similar methodshave beenintroduced[Feu0(q. Tsi-Yen Li
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et. al. proposedthe LeaderFollower model [LIC01], the
main goal of which is to generatecollision-free pathsfor
charactersSincetheir focusis on path planningfor mul-
tiple characterscomplex behaior suchas" nd an empty
seatandsit down, thenwatchamovie" cannotbe simulated.
In our approachgollision avoidanceis achieved througha
behaior function that penalizesstateswhich may causea
collision by giving low probabilityto them.

We needgoodmotion datato producevisually plausible
crowds. Many example-basednotion synthesigechniques
basedon blending have been proposed[RCB98 KG03].
They typically interpolateseveral motionsto synthesizea
desirednew motion. For example,to geta walking motion
with a particularspeed similar walking motionsare found
in themotionsetandinterpolatedo getthe desiredwalk. In
our system,on the otherhand,we useappropriatenotions
directly without ary interpolationbecauseve assumehata
behaior canberepresentedith a seriesof motions.There-
fore, to simulatea particularbehaior, we only needto de-
terminewhich motionsareappropriateandselectone,rather
thancreatinga new motion. Performances improved with
thisapproactbecauseve don't usesearctandinterpolation.

Tecchia et. al. [TCO0, TLC02] describe a real-time,
image-basedlternatve to motion-capturediatafor crovds.
However, therealismof image-basedpproachess limited
by the amountof imagerythat mustbe storedin orderto
handlearbitrary close-upviewing conditions.

4. Probability Scheme

As describedn Section2, the behaior of an agentcomes
from its choices about which actionsto take. At each
time step of the simulation, the agent has a state s =
ft;p;q;a;s g, wheret is thetime, p is a 2D positionvector
g is anorientationais anactionands is alist of previous
states.The position andthe orientationindicatethe spatial
dispositionof the characterTheactionis directly linkedto a
motionclip anddeterminesvhich clip shouldbe playedfor
the currentframe. The paststatesare usedby the behaior
mechanisnto give somecorrelationin the agents beha-
ior over time. Without someprevious stateinformationit is
dif cult to enforcebehaiors like “walk in a straightline”.
The aim of the probabilisticstateselectionmechanismis to
chooseanext stategiventhecurrentstate.

Thelink betweeractionsandmotionsmeanghatwe have
a nite setof possiblechoicesfor the next action— it has
to be oneof the available motion clips. Eachpotentialnext
statehasan associategrobability representinghe chance
of beingselectedOur behaiors modify theseprobabilities
onthe y , aswell asthesetof potentialstatesNotethatthis
is conceptuallysimilar to probabilistic nite statemachines
typically usedfor characteAl [WPO01], butin ourapproach
both the stategraphandthe transitionmatrix are modi ed
at run time. Our statetransitionsalsorepresentower level
behaior comparedvith traditional nite statemachines.

4.1. Behavior functions and behavior composition

Whenexaminingthe movementof a crowd in reallife, we
easilyseethattherearemary differentfactorsthatin uence
thebehaior of anagent.For example,peoplemightchange
their routedependingon whetheror not thereis a personor
objectnearby Or, if they have a tamget placethat they are
moving toward, they usually go as straightas possible.To
simulatecrowd behaior realistically we needaway to take
accountof thesevariouskinds of factorsand synthesizea
complex behaior thatre ectsthem.Morespeci cally, given
the possiblenext statesywe needa way to judgethesestates
from thepointof view of differentfactorsandthencompose
transitionprobabilitiesto re ect all factors.

Eachin uence ontheagentis encodedn abehaviorand
specialfunctionscalledbehaviorfunctionsperformthetask
of transforminga behaior into a setof transitionprobabili-
tieson statesFor example,the “overlapbehaior function”
takescareof avoiding otheragentsThe “Don't turn beha-
ior function” checksif a statetransition causesoo much
changen orientation.The behaior functionsjudgethe po-
tential statetransitionswith their own rulesindependently
andreturnthe probabilities.

Suppose the set of possible next states is
there are m states.A behaior function, k, evaluatesall
statesin S and calculatestheir probabilities.A prototype

behaior functionis shavn below.

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

For statesin setSdo:
X = evaluateg)
Pk(s) = sigmoidk; a)

The evaluateroutineinsidea behaior functionis a gen-
eral function that can use ary information available to it,
suchasthestateof variousfeatureof theervironmentor the
paststateof theagentor distancerom apositionin theervi-
ronment.Theevaluationfunctioncharacterizea conceptual
notion of “behavior” thatthe behaior functionis trying to
model.Consideringheseinformation,the evaluatefunction
returnsary realvalue.Then,the valueis normalizedto the
range[0; 1) usinga sigmoidfunction:

1
l+e &

R(s) = )
We do this to make compositionof behaiors more stable.
Theconstant determinesheslopeof thecurve andbecho-
sendifferentlyfor eachbehaior function. Thevalueswe use
rangefrom 1.0to 10.0.

Theprimaryreasorfor usingbehaior functionsis thatwe
areableto composesereralcomponenbehaiorsto synthe-
sizemorecomple behaiors thatembodyall thein uences
of the componentbehaiors. Compositionof behaiors is
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Figure 2: Thebehaviorfunctionscomputethe probability of
inputstatesndependentlyTheprobability distributionsthat

are computedrrom behaviorfunctionsare then composed.

Finally, the next stateis selectecthrough samplingon the
composegbrobability distribution.

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

0 Y]
P(s9) = O R(9)
k=1

wheren is the numberof composedbehaior functions,s
is a possiblenext state,the P(s) is a probability distribu-
tion from k™ behavior function and PO(S) is an unnormal-
ized probability distribution function. We usemultiplication
becauset allows onebehaior to veto a statetransition(by
settingits probabilityto 0). Finally, re-normalizatiorshould
be performedon the nal composegrobability distribution
to easesampling For eachstates;:
__Pls)
P(s) AT, PYs))

Oncewe have a nal probability distribution, the simula-
tion algorithmchooseghe particularstatetransitionto per
form by samplingaccordingto P(s). The samplingallows
the charactetto choosenot only stateswith high probabil-
ity but alsostateswith low probability, eventhoughit's not
frequent.This givesthe crownd anelemenof randomness.

4.2. Default statesand behaviors

If an agentis not in ary speci c situation,we would still
like it to exhibit certaindefault actions.This relieves the
userfrom having to specify a situationfor every point in
theworld. Thedefault statetransitionsn our systemarethe
identity transition(which doesnot changeheagents state),
ve walking actionswith differentturn anglesandsix turn-
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ing in placeactionswith different angles.Eachtransition
takes a characterfrom one position and orientationin the
ernvironmentto anotherandhasanassociatednotionclip.

Severaldifferentdefault behaior functionsarecombined
to producea sequencef statesappropriatefor a character
wanderingthroughanervironment.

ImageLookupBehavior : Thisbehaior getsabitmapde-
scribingthe obstaclesn the ervironment,andgiveszero
probability to statesthat causethe characterto entera
placewheresomeobjectsarelocated.Otherwisejt gives
high probability.

TargetFind Behavior : If the characterhasa goal po-
sition, this behaior gives high probability to statesthat
male the charactemove toward the position.Otherwise,
it gives low probability Basically this behaior is for
moving charactersfrom one place to anotherthrough
pathplanning.We usethe ProbabilisticRoadMap (PRM)
methodKL94, OS94 in which mary way-pointsaredis-
tributedrandomlyin the ervironmentandlinkedtogether
with Dijkstra's all-pairsshortespathalgorithmincluding
visibility. Sincewe computeall-pairs pathsbetweentwo
way pointsin apreprocessingtep,atrun-timewecan nd
ary pathin realtime.

Owerlap Behavior : This behaior giveszeroprobability
to stateghatcausea collisionwith anothercharacterOth-
erwise, it gives high probability The collision detection
algorithmusedin our systemis a simpleadaptve spatial
subdvision.

Thesedefault behaiors are always composedunlessan
agentis in asituationthatspeci cally ignoresthem(seeSec-
tion 5.2).

5. Situation and pluggablecharacter architecture

Our basicassumptioris that an ervironmentconsistsof a

setof differentsituationsandonly a few characterareun-

der the samesituationat the sametime. A situationis dis-

tinguishedfrom other situationsby what typical behaiors

the crowd can show. That is, the situationin our system
controlsthe behaiors of a local groupof agentsThis pro-

videsdistributedcontroloverthecrowd becauseve cangive

situation-speci c behaiors to charactersonly when they

needthem.In addition,our approachprovides composabil-
ity amongmultiple situationsso that agentscanrespondo

the complex scenariowhen several different situationsare
combined.

A situationcanbeary circumstancehathastypicallocal
behaiors. From obsenationsof real people,we easily see
that one of the mostimportantfactorsthat affect agentbe-
havior is its spatiallocation.For instanceabehaior for get-
ting on or off a buscanbe seenonly atthe bus stop.There-
fore,we cansetthe“busstop” situationaroundthe bus stop.
Therelationshipbetweerpeopleis anotherimportantfactor
in determiningoehaior. Friendsusuallywalk togethemwhen
they move. Therefore;walking-togetheris atypical beha-
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Figure 3: Whenan agentis undera situation,it getsall the
informationfromthe situationdirectly. Thisincludesstates,
behaviorfunctions sensos andeventrules.

ior thatcanbe seenamongpeoplewith friendship.lt means
that“friendship” canbe anothersituation.We cateyorizeall
situationsinto two differentkinds.

Spatial situation: The situationhasa region that it af-
fectsin theervironment(e.g,busstop,ticketbooth,ATM

machine) This situationcannotbe moved afterde nition

(which canbeatrun-time)but canbe deletedat run-time.
Non-spatial situation: This situation (e.g friendship,
group) doesnot have ary region in the ervironmentbe-
causeit is attachedo the crowd directly, not to the ervi-

ronment.Therefore this situationcanonly be setat run
time andagentsareexplicitly addedor removedfrom the
situationby theuser

The structureof a situationis shavn in Figure3. The be-
havior functionsimplementbehaiors speci ¢ to the situa-
tion, the sensorgrovide sensingcapabilityfor characterso
catchevents,statesare statetransitions(motion clips) that
areusedonly for the local behaiors, andthe eventrule is
away to relateeventsto speci ¢ behaiors. Whena charac-
teris underasituation,all thesecomponentareaddedo its
representatiomt the sametime. For a spatialsituation,the
componentsreaddedvhenthecharacterrst enterghesit-
uation’s region of in uence. For non-spatialsituations,the
characteis affectedwhentheuserassignghesituationto it.
The componentareremoved from the agentwhenit leaves
the situations region or the situationis otherwiseremoved.
Thisdynamicaddingandremoval of behaiors enablesisto
achieve scalableagents.

The rst thing a situationdoesto an agentunderits in-
uence is extendits statesby addingnew transitionsto the
agents currentstatetransitiongraph.\¥ referto this asex-
tendingthe graph.At the sametime, this increaseshe num-
berof statesavailablefor selectiorby theprobabilisticselec-
tion mechanismAn exampleof anextendedgraphis shavn
in Figure4. In essencegachsituationhasits own smallstate
transitiongraphthatis graftedontotheagentsxistinggraph
by connectingnew transitionedges.Eachsituationknows
wherein the agents default graphits own small stategraph

DEFAULT STATES

EXTENSABLE STATES

Figure 4: Thestatesare organizedasa graphstructue and
thegraphis extendedby addinga new sub-gaphwhenthe
agentis in somesituation.

shouldbe linked to. There can be multiple transitionsbe-
tweenthe existing graphandthe new portion.

5.1. Virtual sensorsand memory

The eventscontrol the action of local behaiors in a situa-
tion. Thatis, dependingpnwhathappen#n theenvironment,
differenteventsaresentandthesechangeheagents beha-

iors. The eventsare capturedby virtual sensorswvhich are
attachedo thecharacteby a situation.The capturedevents
arestoredin alist in charactes virtual memorystructure.
Whena situationattaches sensorthe sensorcreatesanen-
try in thislist andupdatest whene&er the characteuseshe
sensaorThe contentf virtual memoryarewiped outwhen
they arenolongerin the situation.

In our systemwe usefour differentsensorgo catchfour
differentevents.

Empty sensor: This sensorchecksfor the presenceof
ary agentdn aparticularpositionin theernvironment.
Proximity sensor: This sensormaintainsthe distance
from a characterto a particularpositionin the erviron-
ment.

Signalsensor: Thissensocheckavhetheror notasignal
in the ervironmentis on.

Agent sensor: This sensorchecksa particular agents
motionandbehaior including positionandorientation.

Given events capturedfrom sensorsthe event rulesin-
form the agentwhich behaior functionsto evaluateand
composeand canprovide agumentsto behaior functions
that dependon the sensarFor example,supposea charac-
teris in a “crosswvalk situation”, thenthe situationattaches
asignalsensotto the characteto catchthetrafc sign.The
associatetbehaior rule checksthe sensorandappliesa be-
havior suitedeitherto waiting (if the light saysdon't walk)
or to crossingthe street.Thesedynamichehaiors arecom-
posedwith othersto determinghecharactes actions.n our
systemtheeventrulesareencodedsPythonscript les and
loadedautomaticallywhensimulationbegins.

¢ TheEurographic#ssociationandBlackwell Publishing2004.
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Figure5: Left: Spatialsituationscanbe easilysetby draw-
ing directly on the ervironment.Situationcompositioncan
be speci edby overlayingregions.Right: Non-spatialsitu-
ation canbe seton the crowd by groupingparticipants.

5.2. Situation Composition

In general,agentsare underseveral situationsat the same
time. Thisis especiallytrue of non-spatiakituationssuchas
group membershighat must be composedwith behaiors

for x ed areaslike a bus stop. In our system,the compo-
sition of two situationsis similar to taking their setunion:

ary statebelongingto eitheris extendedontothegraph,and
ary behaior functionrequiredby eitheris added asareary

Sensors.

Somesituationsmustprevent certainbehaiors from oc-
curring. For example,in the benchsituation,to make an
agentsit down ataspeci ¢ position,the”don't turn” default
behaior shouldbeignoredin composinghebehaiors. This
is achieved throughevent rulesthat speci cally deletethe
undesirabldehaior from thecomposition.

5.3. Painting interface

The situation-basedpproactputsan emphasion erviron-
mentdesignbecauséhecronvd'sbehaior depend®nwhere
a particularsituationis located(for the caseof spatialsitu-
ation) andwhat situationsthe agentsarein. For specifying
a particularsituationon the environment,we adopta paint-
ing interface This allows usto specify situationseasily by
drawing theirregionsontheernvironmentdirectly like draw-
ing apictureonthecarvas.Paintingis particularlyusefulfor
spatialsituationsFor non-spatiakituationswe usestandard
techniquego selecttheagentso whomthesituationshould
apply.

The painting interface is basedon a layered structure
whereeachlayer represents region for a situationandis
saredasabitmap le. Thelayeredstructuremakessituation
compositioneasybecauset is doneby overlappingseveral
layers.Figure5 shaws the paintinginterfacefor spatialand
non-spatiakituations.

6. Experiments and Results

We have performedexperimentson a PC with a 1.3GHz
Athlon processoand 1GB of memory At the designstage
of a crownd environment,a physical environmentand situ-
ationsthatwill be x edfor the simulationarede ned with
thepaintinginterface At run-time,non-spatiasituationsand

¢ TheEurographic#ssociationandBlackwell Publishing2004.
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Figure 6: Top: Plan of the streetervironment(numbes in-
dicatesituations) Bottom: 3D view of thestreet.

run-timespatialsituationsarespeci ed. The actualerviron-
ment le is aPythonscriptincludinglinks for situation les

which arealsoencodecdasPythonscripts.Onceall the situ-
ationsandtheervironmentareset,crovdsarecreateceither
manuallyby the useror automaticallyby the program,and
thensimulated.

To verify ourapproachye testedour systenon threedif-
ferentervironments,which are the streetervironment,the
theaterervironment,andthe eld ervironment.To clarify
thelocationof situationswithin an ervironment,we put an
identifying situationnumberin parenthesiandusethenum-
bersin theassociatedgures.

6.1. StreetEnvironment

In this ervironment,we madetwo crossvalks andtwo side-
walksonacity street(Figure6 andFigure7). Onecrossvalk
hasatrafc signandthe otheronedoesnot. For the cross-
walk with a trafc sign, we composedwo situations:the
“crossingstreet”situation(1) andthe“traf ¢ sign” situation
(2). For the unsignedcrossvalk, we just usedthe unsigned
“crossingstreet”situation(4). Also, in the middle of street
away from thetwo crossvalks,we putan“in-a-hurry” situa-
tion (3). At the bgginning of simulation,peoplearewalking
on the sidavalk. But whenthey meetthe crossvalks, they
begin to respondto the situations.At the crossvalk with a
trafc sign,they rst checkthetrafc signusinga sensor
thatis provided by the situation,andwait for thetrafc sig-
nal beforecrossing At the crossvalk without atrafc sign,
on the otherhand,peoplejust crossthe street.Meanwhile,
if they arein the“in-a-hurry” situation,they crossthe street
without using crossvalks. The “in-a-hurry” situationadds
runningtransitionsto the agents statetransitiongraphsal-
lowing the crowd to run ratherthanwalk whencrossingin
anunmarledarea.

Dueto the samplingstrat@y, somepeoplewho aretrying
to crossthe streetmight be turning backto the sidevalk at
the middle of crossvalk. To solve this problem,we canad-
just the weightingconstanta in equationl for the crossing
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Figure 7: Crowdbehaviorin a gameengine

behaior function so that oncethey are crossingthe street,
they continueto walk until they reachtheothersideof cross-
walk.

6.2. Theater Environment

In this experimentwe madea comple theaterenvironment
in which therearefour differentrooms.Theseroomsarea
ticket booth,a lobby, a movie room,andrestroomsin each
room,we setseveralsituationsandhave someof themover-

lappedandhencecomposedFigure8 shavs the theateren-
vironment.Thevariousregionsare:

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

Lobby : In the lobby, we settwo “gathering” situations
(5,6),a"“stay-in” situation(9), another‘horizontalqueue”
situation (7), a “talk” situation(12) andthree“vending
machine”situations(8). Among the two gatheringsitua-
tions,one(5) is composeadvith 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 the case(5), they gatheraroundfor the
prede neddurationaswell, but alsosometimeshaow the
talking behaior dueto the“talk” situation.At the“vend-
ing” machinesituation,the crowd stopsfor alittle while,
and then moves forward. It is intendedto simulatepur-
chasingsomethingfrom the machine(we were limited
by available motion). The “stay-in” situationcoversthe
lobby and restroomand keepsthe crowd in thoseareas
beforethe movie time. This situationaddsa signal sen-
sorto all agentsin the area.lf the signalfrom the sensor
is off, they stayin the lobby or therestroomsOtherwise,
they move to the movie roomthroughpathplanning.
Restroom : In the restroomwe put three“bench” situa-

2
Movie room 1

Restroom

9 Lobby
Store
7 “Vending machine
8
11

10
Ticket booth

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

tions(3), andthree“exclusive” situationg2). The“exclu-
sive” situationgreventmorethanonepersorfrom getting
into the samerestroomat the sametime.

Movie room : In the movie room, we set three “seat”
situations(1). Eachsituationmakes seven characterssit
down in theregion, oneon aseatWhenpeoplearein the
situation,they are provided emptysensorand proximity
sensorsUsing thesesensorsthey know which seatsare
emptyandwhichseatsareoccupied!f they nd anempty
seatthey move thereandsit down.

6.3. Field Environment

In orderto shav that situationscanbe setat run-time,we
createa simple eld ervironmentandput a relatively large
crowd of 200agentdn the ervironment(Figure9). At run-
time,a“follow” situation(1) is setby the paintinginterface.
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 closebehar-
ior functionwith the“group” situation,they gatherback.

6.4. Performancemeasuement

To explore the performanceof our approachwe conducted
threetests.First, we measuredhe averagememoryuseof
500agentdor 2,000simulationstepsasthesituationalcom-
plexity of the environmentincreasedWe built up anempty
roomwith the paintinginterfaceandput anincreasinghum-
ber of randomlyselectedsituationsin the ervironment.As
we increasedthe numberof situations,we computedthe
memoryusageat eachof 2000simulationstepsbeforeaver
agingacrosssteps.To examinetherateof growth of simula-
tion time asafunctionof situationakcompleity, we repeated
theexperimentout thistime computedheaverageamouniof
time spenton animatingthe environment(excludingrender
ing) perframeof motion,or Sioth of asecondTheresultsare
shavn in Figure10. Notethatthe compleity grows slowly
asafunctionof the numberof situations suggestingur ap-
proachis successful.

¢ TheEurographic#ssociationandBlackwell Publishing2004.
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Figure 9: Top Left: A crowdis reactingto a “follow” situa-
tion. Top Right: We seta “group” situationon the crowd
without adding any other behavios. Bottom left: Due to
the groupsituation,the crowd spreadsaround (we havedis-
abled the “follow” situation. Bottom right: peoplegather
bad whenwe composea “close” situationwith the group
situation.
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Figure 10: Top Right: Theaverage memoryuseof 500agent
for 2,000simulationtime Top Left: Theaverage simulation
time of 500 agentsfor 2,000simulationtime Bottom Left:
Theaverage simulationtime of crowdwith the xed number
of situations.

We alsoexaminedthe costof simulatingincreasinghum-
bersof agentsvith a x ed numberof situationg(10). Again
we averagedthe time taken to simulateeachframe of mo-
tion. Theresultsareshovn in Figure10.Evenfor 500agents
we cancomputeall thebehaioral andmotioninformationin
around2.5msrepresentindgessthan7.5%of theitme avail-
ablefor eachframe.
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7. Discussion

In this paperwe have introduceda new framework for syn-
thesizingvirtual crowds in comple ervironments.At the
high level, we usea situation-basedpproachthat provides
a scalablemechanisnto control the local behaiors of the
crowd. At thelow level of the framework, we adopta prob-
ability schemethat composeghe in uence of several be-
haviors to drive a realistic motion synthesissystem.We
have demonstratedhat our framewvork cancreatecomplec
crowd behaiors throughthe compositionof situationsand
the compositionof behaiors while minimizing datastored
in eachcharacter

Thereare several waysin which we could improve our
systemWe have not experimentedwith situationsthatcon-
trol the densityof the crowd or othermulti-agentstatistics.
Thiscouldbedonewith moreintelligentsituationghatacted
assimulationentitiesin their own right by dynamicallyad-
justingthe behaiors they addto agentsFromanefciency
standpointjn our currentsystemwe assumehatall crowds
go throughthe simulationstep at the sametime. In order
to simulatea massie crowd like 10,000people we needto
avoid thiswork in someway, possiblyby composindonger
piecesof motionthathencerequirelessfrequenttransitions.

Finally, while our probabilisticcompositionframework is
efcient andworks well in the situationswe have experi-
mentedwith, it haslimitations asthe time scaleof actions
increasedn otherwords,theagenineed4o remembemore
and more paststatesin orderto piecetogetherlong run-
ning actions.We would like to explore other mechanisms
for combiningbehaiors.

Our methodis a signi cant advancein scalablebehaiors
for charactersArchitecturessuchasourswill be essential
for controllingthedesigncompleity of virtual agentsaasthe
ervironmentsthey populatecontinueto evolve.
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