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Abstract

Creatingcontrollable, responsivavatars is an importantproblemin computergamesand virtual ervironments.
Recentlylarge collectionsof motioncaptuie datahavebeenexploitedfor increasedrealismin avataranimation
andcontrol. Large motionsetshavethe advantaye of accommodating broad variety of natural humanmotion.
However, whena motion setis large, the time required to identify an appropriate sequencef motionsis the
bottlene& for achieving interactive avatar control. In this paper we presenta novel methodof precomputing
avatar behaviorfrom unlabelledmotiondatain order to animateand contol avatais at minimal runtime cost.
Basedon dynamicprogramming our method nds a contmol policy that indicateshow the avatar shouldact in
any given situation. We demonstate the effectivenesof our approac through examplesthat include avatars
interactingwith ead otherandwith theuser

Categyoriesand SubjectDescriptors(accordingto ACM CCS} 1.3.7 [Three-DimensionaGraphicsand Realism]:

Animation, Virtual reality

1. Intr oduction

Realtimeanimationandcontrolof three-dimensionalvatars
is animportantproblemin the context of computergames
andvirtual environmentsRecentlylargesetsof motioncap-
turedatahave beenexploitedto provide increasedealismin
interactive applicationsaswell asoff-line animationproduc-
tion. Creatinglifelik e motion of avatarsrequiresmary com-
ponentsacquiringarich setof avatarbehaiors thatappear
natural,representinghe behaiors in a connectedvay for
seamlesanimation,and giving the usercontrol over those
behaiors. We areinterestedn thelastof theseselectingap-
propriatebehaiors sothatthe avatarrespondsnteractvely
to usercommands.

A setof avatar motions has often beenrepresenteds
a directedgraphthat encodesonnectvity betweenbeha-
iors (e.g.,squattingcanbefollowedby jumping). Combined
with statisticalmodels,suchasMarkov processesnd hid-
denMarkov models,this graph-basedepresentatiorom-
bines e xibility in an avatar's behaior with the ability to
controltheavatarsactions However, applyingthisapproach
to interactie avatarcontrolis challengingoecaus¢hegraph
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Figure 1: Therealtimematd simulationis createdusing
motiondatacaptuedfroma singleperformerwho shadow-
boxed.Shadowboxings sparring with an imaginary oppo-
nentas a form of training. From motion data, our control-

lable animatedboxes learnedseveral behavios to interact
with eadh otherandinteract with theuser

must be very large in orderto accommodate rich vari-
ety of naturalhumanmotions,andthis large graphmustbe
searchedat runtime to selectappropriatemotionsinterac-
tively.



Jeheel eeandKangHoonLee/ Precomputingivatar Behavior

In this paper we presenta pre-computatiormethodthat
allows avatarsto be animatedand controlledinteractvely
fromalargecollectionof humammotiondataatminimalrun-
time cost.Ourmethodtakulatestheutility of takingdifferent
actionsin ary givenstatesothatanappropriatesequencef
actionscanbe foundef ciently usingtablelookup.Our ap-
proachis basedon dynamicprogrammingwhich allows us
to producea control policy (or behaior) for a given state-
actionmodel.We computeasmallcollectionof controlpoli-
ciesthatareusedto controlthe motionof our avatars.

There exist a numberof path planning and state-space
searchalgorithmsthat nd apathwhenstartandgoalstates
aregiven.Our approachis signi cantly differentfrom those
algorithms.Insteadof nding a point-to-pointpath,we nd
a control policy that indicateshow the avatar should act
in ary given situation. Oncethe policy is computedat a
preprocessinghase our avatarcan nd a sequencef ac-
tions to the goal very efciently at runtime. Our approach
is resolution-completé the senseahatthe optimal (with an
in nite-horizon delayedreward cost function) control pol-
icy canbefoundata givenresolutionandrangeof the state
space.

We demonstratehe realtime capability of our approach
throughexamplesthatinclude animatedavatarsinteracting
with eachotherandwith theuserin adynamicenvironment.
Theusercanhave directandimmediatecontroloverthemo-
tion of the avatar Our approachs relatively easyto imple-
mentand canbe appliedto a wide variety of humanactiv-
ities. For our experimentswe selecteda domainof human
motionwhich involvessigni cant physicalinteractiongsee
Figurel).

2. Background

Animationandcontrol of three-dimensionayntheticchar

acters has been an active researchtopic in computer
graphicsfor decadegBG95, Blu98,BC89 NZB00, PG94.

More recently attentionhasbeengiven to data-drven ap-
proachesusing motion capture data. The use of a mo-
tion capture system provides an easy solution to inter

active avatar control simply by transferring the move-
mentsof a performerto an animatedavatarin realtime.A

numberof researchersgxplored puppetrytechniquesthat
map a motion from the performerto the avatar which is

usually of a different size and proportion than the per

former [BHG93,DYP03 MBT96, SHS98,SLSGO01] This
paperfocuseson controlling avatarswithout ary special
equipmenfor userinterface.

Statisticalmodelshave beenfrequentlyusedto capture
theunderlyingstructureof alarge collectionof motiondata.
Several researcherbave explored methodsfor introducing
statisticalvariationsinto motion [BS97, PB00,SBS02] A
more popular approachis to exploit PCA dimensionality
reductionfor simplifying the data, clusteringfor grouping

similar motions,anda Markov procesamodelfor allowing
transitionsbetweenclusters.The transitionsbetweenclus-
tersyield adirectedgraphthatis oftenrepresentedsatran-
sition table. Brand and Hertzmann[BHOO] usea variation
of hiddenMarkov modelsto generalizamotion dataandin-
troducestylistic variationsinto motion. Galataandher col-
leaguedGJIHO] usevariablelength hiddenMarkov mod-
els to allow the length of temporaldependencieso vary.
Bowden[Bow00] usespiecavise non-linearprinciple com-
ponentanalysiswith a Markov chainto compactlyrepresent
motiondata.Molina-TancoandHilton [MHOO] developeda
PCA-andclustering-basedystenthatidenti es asequence
of motion sggmentsinterpolatinguserspeci ed keyframes.
Li etal. [LWS02Z adoptedinear dynamicsystemsto pro-
vide betterapproximatiorto motionswithin clustersandin-
troducesmall variationsinto motion dynamicsby perturb-
ing theparametersf lineardynamicsystemsThestatistical
modelsof Kim etal. [KPS03]alsomake useof k-meanclus-
tering anda transitiongraphto synchronizedancemotions
with music.

Severalresearclyroupshave exploredtechniquegor syn-
thesizingnew motionsby cutting piecesfrom existing mo-
tion dataandreassemblinghemin a novel order This pro-
cesdis facilitatedby a graphrepresentatiothatallows tran-
sitions betweenindividual motion framesratherthan clus-
ters of motions. Frame-leel transition methodsavoid the
risk of smoothingout ne detailsof motionduring PCA di-
mensionalityreductionand clustering,but createa bigger
transitiongraphthat makes avatar control even more chal-
lenging.PullenandBregler [PB0Z segmentedmotion data
into smallpiecesandrearrangedhemto meetuserspeci ed
keyframes.Kovar et al. [KGP0Z generateda graphstruc-
ture from motion dataandemployed the branchandbound
algorithm to control an avatar to follow a sketchedpath.
Arikan andForsyth[AF02] createda hierarcly of graphsand
employed a randomizedsearchalgorithm for synthesizing
a new motion subjectto temporaland position constraints.
Both algorithmsareintendedto nd a global solutionand
maynotbesuitedfor interactve control.Leeetal. [LCR 02]
usea local on-line searchalgorithmwhich is demonstrated
to generates to 8 framesof avatarmotion persecondvhen
thelengthof time the avatarlooks aheads moderatelylim-
ited. However, this performancas still far from realtimein
an ervironmentwith multiple charactersThey also noted
that graphsearchcanbe quite ef cient if the graphis em-
beddednto aspeci c environmentandthusthe e xibility of
theavatars motionis limited. Choietal. [CLS03 generated
a graphrepresentatioof motionembeddednto a cluttered
ervironmentfrom motion datathatis capturedin a differ-
ent(usuallyempty)environment.This environment-speci ¢
graphfacilitatescreatingbipedlocomotionthrougha com-
plex ervironment with obstacles.Arikan et al. [AFOO03]
shavedthatmotion synthesifrom a graphstructurecanbe
castasdynamicprogramming Our work is built uponthis
previouswork andaimsto pre-computehe graphsearchin
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every possiblesituationandtatulatetheresultsto nd anap-
propriatesequencef motionsat minimal runtimecost.Our
systemis several ordersof magnitudefasterat runtimethan
theaforementionedraphsearctanddynamicprogramming
algorithms.

Machinelearningtechniqueshave beenextensiely exer
cisedin computeranimation.Ngo and Marks [NM93] cre-
ate dynamic controllersof simple creaturesusing genetic
programming Sims[Sim94] alsoexploits geneticprogram-
ming for simulatinga virtual creaturethat can evolve its
morphologyGrzeszczuletal. [GT95, GTH98] exploredau-
tomatic learning techniquesfor animating dynamic mod-
els suchas sh andlunar landers.Thesetechniquesvere
basedon controlabstractiorandneuralnetworks. Faloutsos
etal. [FvT01] employ SupportVectorMachine(SVM) clas-
si ers for identifying the “pre-conditions”underwhich dy-
namiccontrollersareexpectedto function properly Arikan
et al. [AFOO03] use SVM classi ers to annotatemotion
databasesvith intuitive keywords and allow usersto de-
scribea desiredscenariowith thoseannotations.

Reinforcemenlkearningrefersto asetof problemghatin-
volve agenthaving to learnhow to actin ary givensituation
throughtrial-and-errorinteractionswith adynamicerviron-
ment.Excellentsuneys canbefoundin [KLM96, SB98].A
numberof variantsof reinforcementearninghave beenused
in roboticcontrolandpathplanning Atkesonetal. [AMS97]
constructectwo-armedobotthatlearnsto juggleatapered
stick by hitting it alternatelywith eachof two handsticks.
Mataric[Mat94] presenteareinforcementearningmethod
to train a groupof robotswith a steerablevheeledbaseand
a gripperto travel, collect small disks, and transportthem
to a destinatiorregion. Reinforcementearningis usedrela-
tively little in computergraphics Blumbeqg etal. [BDI 02]
createdan autonomousnimateddog thatis trainedto rec-
ognizeacousticpatternsas cuesfor actions.They focused
on training proximatecausalitybecausehat is suitablefor
animaltrainingfrom anecologicalpoint of view.

Schdédlandhis colleaguesnvesticgateda variety of search
algorithmsfor creatingvideo textures [SSSEOO]and ani-
matingvideosprites[SE01,SE02] For scriptedanimations,
they suggestedeamsearchand repeatedsubsequencee-
placementhatsearcha paththroughstatespacegivenstart
and goal con gurations. They suggestedh reinforcement
learning techniqueknown as Q-learningfor interactvely
controlling video spritesto animatefollowing a speci ed
path.Q-learningis the mostpopularreinforcementearning
method,but often suffering from excessie memoryusage.
We areinterestedn creatingmore complicatechuman-lile
charactershathit andreact,andemploy a simplerdynamic
programmingnethodthatrequiredessmemory

Our work is related to data-drven pre-computation
methods in global illumination and dynamic deforma-
tion. A numberof researcherhave explored techniques
to pre-computeglobal radiancetransfer effects over sur
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faces in a scene and talulate them to render the
scenequickly at ary viewpoint in a variety of lighting
conditions [NRH03, SHHS03,SLSS03]. Jamesand Fata-
halian [JFO3 pre-computedthe dynamicsof deformable
modelsto facilitaterealtimesimulation.They allowedalim-
ited form of userinteractionin orderto simplify the dimen-
sionality of the state-actiorspace.

3. State-Action Model

Our state-actiomodelassumesn avatarthathasa discrete
setof statesS and actionsA, and a tamget that also hasa

discretesetof statesE. The entire systemis modelledasa

state-actiorpair f (S E); Ag. At eachstepof a simulation,
an avatarin the currentstatechoosesan action. The action
changesthe statesof the avatar and the target. This pro-

cessis Markovian becausehe avatars decisionasto how

to actdependonly on the currentstate.To learnbehaiors

effectively, it is very importantto have a low-dimensional
state-actiorspacewith gooddiscretizationBoth humanmo-

tion andtamet statesare high-dimensionabhnd continuous
in general A simpli ed modelof the systemmustbe pro-

vided to make precomputatiompractical.In this section,we

describehow to constructa discretestate-actiormodelin a

preprocessinghase.

Our representatiof humanmotion largely follows that
of Leeetal. [LCR 02], which forms a directedgraphwith
its nodescorrespondingo motionframesandits edgescor
respondingto connectingtransitionsbetweenframes.This
representatiorcan be automatically constructedfrom ex-
tended,unlabelledsequence®f motion data by identify-
ing similar framesand creatingtransitionsbetweenthem.
The constructionmethodof Lee et al. createsa relatively
smallnumberof frameswith multiple out-goingtransitions
andleavesmary frameswith a single out-goingtransition,
becauseadditionaltransitionsare allowed only at discrete
events(e.g.,thefoot is aboutto touchor leave the ground).
The setof avatarstatesSincludesall framesthathave mul-
tiple out-goingtransitions Consecutie frameswith asingle
out-goingtransitionare collapsednto an actionin A. With
this de nition, a statein S represents static poseof the
avatarandtaking an actionresultsin a transitionfrom one
stateto another(seeFigure2(c)).

We are particularlyinterestedn controlling avatarsin a
dynamicervironmentwith moving tagetssuchasa moving
targetto punchandaball to follow andhit. A discretesetof
targetskE formsagrid of locations.It is corvenientto repre-
sentthe grid with respecto a polar coordinatesystemthat
is centeredat the locationof the avatar The dimensionand
rangeof thegrid dependsotonly onthegeometryof theen-
vironmentbut alsoon the type of behaior to belearned.n
our boxingexample we consideitwo behaiors: “approach-
the-taget” and“throw-punches-at-the-tget” (seeFigure3).
Computingthe latter requiresconsideratiorof a relatively
small region of the entire statespacewithin arm’s length,
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Figure 2: Thestate-actiormodelof avatarmotion.(A) The
motion data initially consistsof a numberof motion clips
containingmanyframes.Ead framerepresentsa poseof
theavatar (B) Manyframe-to-fametransitionsare created
toformadirectedgraph.(C) Frameswith a singleout-going
transitionare collapsed.The simpli ed graph representsa
discrete state-actionmodel (S, A) of avatar motion, whee
the nodesof the graph correspondo statesS andthe edges
correspondto actionsA. (D) Target statesare discretized
into grids andassociatedvith nodes.

andthe region mustbe three-dimensionalo accommodate
thex, y, andz-coordinatesf thetarget.In contrastcomput-
ing the approactbehaior requiresa two-dimensionaktate
spacebecausehe heightof the tametis not necessaryand
theregion of interestis largerto allow trackingof atargetat
anarbitrarylocation.In theory the entire(perhapsn nitely
large) statespaceshouldbe consideredo nd the optimal
pathif thetargetcanbelocatedarbitrarily far away. In prac-
tice, we do not needto searchthe entire spaceexhaustvely
becausesearchin a partial region aroundthe avatargivesa
goodapproximatepath. The resolutionof the grid depends
ontheexpectedorecisionof control.For example thepunch
behaior shouldbe computedwith a ne grid to controlthe
directionof the punchprecisely while the approacthehar-
ior needsrelatively coarsegrid to provide aroughdirection
towardthetamet.

4. PrecomputingControl Policies

Thegraphrepresentationf motiondataprovidesthe avatar
with a broadvariety of actionchoices,andthe avatarmust
selectoneactiona 2 A at eachstepof the simulationbased

Figure 3: Thestatespaceof a moving target is discretized
differently for two behavios: (Left) A grid for “approac-

the-taget” is two-dimensionalpomni-directional, and rel-

atively coarse (Right) A grid for “thr ow-pundes-at-the-
target” is three-dimensionahnd dense It covers a rela-

tively narrow and smallregion aroundthe avatarwhee the

avatar's puncesread.

onthecurrentstate(s;€) 2 S E. Findinganoptimalaction
involvesa searchthroughthe exponentially-graving tree of
actionsthat can move the avatar through the state-action
spaceThis searchs theprimarybottlenecKimiting interac-
tive avatarcontrol.Our goalis to pre-computevhich action
to take at ary given situationin orderto nd an appropri-
ateactionvery ef ciently atruntime.A naive approachs to
expandthe searchtreefor every state-actiorpair f (s;€); ag
to evaluatethe utility of takingactiona at state(s;e). This
approacltanbe prohibitively slow (evenasa preprocessing
step)for ary ervironmentandmotion dataof practicaluse.
Themajorreasorfor this sluggishperformancaes thatlarge
portionsof the state-actiorspaceareredundantlytraversed
by a numberof searchtreesrootedat different states.Dy-
namic programmingprovides an ef cient solution for this
problem.

4.1. Formulation

Our approachwas inspired by reinforcementearningthat
is designedto allow autonomousagentsto learn a partic-

ular behaior throughtrial-and-errorexperiments.On each
trial, the learnermay receve a reward for taking an action.
Throughrepeatedrials, thelearnemustdiscorer which ac-

tionstendto increasethelong-runsumof rewardsin future

trials. In our boxingexample,giventargete, the boxer atits

states hasto chooseanactionfrom a setof actionsimmedi-
atelyavailableto the boxer at thatstate. Takingoneof those
available actionsmay not resultin ary immediatereward,

but rewardsmay be receved later whenthe tametis hit by

the punch.Taking thosedelayedrewards into account,the
boxerlearnsto choosea sequencef actionsthatmaximizes
the sumof futurerewards

¥
G= g dre; (1)
t=0
wherediscountfactor0 < g< 1 givesa penaltyfor long-

delayedrewardsin orderto modelthe uncertaintyof a dy-
namicervironmentandto make thein nite sumcorverge.
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The basicidea of reinforcementiearningis to createa
lookuptablethatindicateswhich actionto take givenatar
get.Eachentryof thetable,indexedby (s; €), representshe
expecteddiscountedsumof rewardthatthe avatarwill gain
if it startsin that stateand executesthe optimal policy. It
hasbeenshavn that the optimal valuesfor the entriescan
belearnedby randomlysamplingstatesandapplyingalocal
updaterule to eachstate.This rule is intendedto re ect an
immediatereward for taking an action from that stateand
propagterewardsgraduallyto precedingstates.

We describéherehow to de ne rewardfunctionsfor train-
ing our avatars.Reward R(s; € a) is a scalarvaluedfunction
of state(s;€) andactiona. The reward functionis speci c
to a behaior to be learned.Typically, animpulsive reward
signalis receved at a speci ¢ time instanceif somecondi-
tions aresatis ed. The reward function takesthe maximum
of discountedsignalsover the durationof actiona.

R(s e a) = max drw) ; 2

wherel(t) = 1 if a desiredconditionis satis ed at time t
(e.g.,the punchlies on the target). Otherwise,| (t) is zero.
w(t) is a weightterm. Somebehaiors canbe modelledto
provide a continuoudorm of rewardsignals which leadsto
ke(t k

R(s&a) = max gw(t) exp( e()%) G
wheregy is the destinationstatethat recevesthe maximal
reward.Thelearningprocesgancornvergemorerapidlywith
this form of therewardfunction.

4.2. Dynamic Programming

Computinga control policy is a simpleiterative processof
samplingstatesand applying a local updaterule to incre-
mentally re ne valuesin the table. On eachiteration, we
randomlychoosea poses of theavatarandatargete among
grid points.The avatarneedso decidewhich actionto take
amonga setof actionsimmediatelyavailable to the avatar
at states. A greedypolicy is to selectthe onethatgainsthe
highestrewardin onestep.Takingactiona bringsthe avatar
to states’andthetametto a new locatione® (sincetheloca-
tion is representewith respecto alocal moving coordinate
system).Accordingto the greedypolicy, the valueat (s; €)
shouldbe updatedto re ect the immediatereward andthe
value of the next state(s® €9, usingthe bestavailable ac-
tion. This processs calledvalueiteration in reinforcement
learningcommunityandcanbeshowvn to corvergeto theop-
timal values We repeathe procesaintil all stateshave been
visiteddozenf times.

Ourupdatingruleis
V(sig) = max R(sea)+ gv(tey ; (4)
which assertghat taking action a at state(s;€) resultsin
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thetransitionto state(sC € andproducesmmediatereward
R(s; e a). Revard R(s; g a) is addedto the discountedralue
of the next stateandthe resultis usedto updateV(s;e). t

is the durationof actiona. Sincee” may not coincidewith a
grid point, we approximate/ (s® ) by linearlyinterpolating
valuesatadjacengrid points.

Ourimplementatiorof tableV (s; €) producesanumberof
smalltables Eachof thesmalltablesvs(e) is associatedvith
avatarstates andindexedonly by targete (seeFigure2(d)).

5. Runtime Synthesis

Oncethetablehasbeenlled with appropriatevalues, nd-
ing a sequenceof actionsat runtime is straightforvard.
Wheneer the avataris provided with morethanone avail-
able action,the avatar selectsthe one that makestransition
to the statewith the highestvalue.This simplegreedystrat-
egy causeghe avatarto act optimally at a given resolution
andrangeof the statespacelf multiple behaiorsareactive,
theavatarmustreconcilebehaiorsthatproducedifferentre-
wardvalues.We simply selectan actionthatmaximizesthe
weightedsumof valuesfrom multiple behaiors.

To creatdively avatarsrandomness choosingactionsis
asimportantasoptimality with respecto gettinga reward.
In fact, real peopleoften do not act optimally. An athlete
may deliberatelychoosedifferentactionsin similar situa-
tions, for example,in orderto trick his opponentsTo in-
corporaterandomnesinto our system,we identify a small
numberof preferableactionsandthenselectonerandomly
insteadof choosingthe bestaction.

6. Experiments

All of themotiondatausedin our experimentsvascaptured
from aViconopticalsystemattherateof 120frames/second
and then down-sampledto 15 frames/secondor realtime
display Motion capturedatacontaingrajectoriesor the po-
sition andorientationof theroot node(pelvis)aswell asrel-
ative joint anglesfor eachbody part. Timing datawasmea-
suredonanintel PentiumlV 2.4GHzcomputemwith 1Gbyte
mainmemory Our controllableanimatecboxersarecreated
throughfollowing steps.

Data Acquisition. We recordednotionsof about8 minutes
durationfrom a professionaboxer. In therecordeddata,our
subjectshadavboxedalonein anemptyernvironment.Shad-
owboxingis a popularself-trainingmethodof sparringwith
animaginaryopponento practicevariouscombinationsof
punchesandfootwork. Our subjectperformedabout20 dif-
ferentcombinationsof puncheghatincludeda left jab fol-
lowed by a right straightpunch,a right uppercutfollowed
by aleft hook,andsoon. Mostof combinationsonsistedf
two to four punchesHe alsoperformedassortediefensie
actionssuchasducking,dodging,andblockingpunchesTo
avoid the introductionof unnaturaltransitions,we did not
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Figure 4: Thedistribution of effectivehitting points.Front,
top, andsideviewsare depicted.

provide our subjectwith any scenarioor speci ¢ sequence
of punchesexceptto constrairthemotionwithin thecapture
region (5 by 5 meters) We recordedn long clips (about90
second®ach)to allow our subjectto performnaturaltransi-
tionsbetweeractions.

Data Annotation. Identifying contactwith theenvironment
is importantfor generatingyoodtransitionsbetweermotion
segmentsand computingreward functions.Motion capture
datadoesnotexplicitly indicatewhenthefeetandtheground
arein contactand when punchesare effectively hitting an
imaginarytarget. Our systemautomaticallyannotatesno-
tion datawith this information.As in Leeetal. [LCR 02,
feetareconsideredo be on the groundif oneof their adja-
centjoints (eithertheankleor thetoe)is sufciently closeto
thegroundandits velocityis belov somethresholdPunches
candeliver power effectively whenthe directionof motion
of the st andtheforearmaxisareparallelatthe momentof
hitting. In our systempunchesareconsideredo beeffective
if the magnitudeof the velocity vectorof the st projected
ontotheforearmaxisis above somethresholdandthedirec-
tions of thesevectorsarenot opposite. Thetip of the st at
themomentof hitting is calledaneffectivehitting point We
found 788 effective hitting pointsin our dataset (seeFig-
ured).

Graph Construction. We constructa directedgraphfrom
motion data by adding connecting transitions between
frames.A transitionfrom framei to frame j is addedif
posesat framei andj 1 aresimilar andthe left foot is
aboutto leave the groundin bothframes.The similarity be-
tweenposesds measuredby consideringdifferencesn joint
anglesandvelocities[LCR 02]. To avoid deadendsin the
graph,we nd astronglyconnectedcomponenin whichev-
ery frame can be reachedfrom every other frame through
transitiongKGP02,LCR 02]. Thestronglyconnectedom-
ponentcontains6453frames which correspondso about?
minutesand 17 secondf motion. Collapsingframeswith
a single out-goingtransitionleaves 437 framesand 27072
transitions.Theseframesand transitionsform the discrete
setof statesandactionsof our animatedoxers.

Reward Functions. Our boxers learnedtwo behaiors:
“approach-the-tget” and “throw-punches-at-the-tget”.

Therewardfunctionfor theformerbehaior is

kp(t) pgk, .
15 ) (5)

wherepy is the2-dimensionalocationof thetarget.Because
thecharacters approachinghetamgetandnotyetstrikingit,
p(t) is the 2-dimensionatrajectoryof the centroidof effec-
tive hitting points. The discountfactorgis 0.97. All coor
dinatesarerepresentedavith respecto a (body local) polar
coordinatesystem.The circular region aroundthe avatarof
2 meterradiusis discretizednto a grid of size5 (distance)
by 13 (angle)(seeFigure3 (left)).

r= max d exp(

Therewardfunctionfor thelatterbehaior is
r= max drw) ; (6)

wherel(t) = 1if thelocationof a st is sufciently close
to the tamget andthe annotationat that frameindicatesthat
the punchis effective. Otherwise,l(t) is zero. Parameter
w(t) 1 isthenormalizedvelocity of the blow at the mo-
mentof hitting andis setequalto onefor the fastestlow.
This function is associatedvith a 10 10 4 grid thatis
overlayedontheboundingvolumeof effective hitting points
(seeFigure3 (right) andFigure4). Theboundingvolumehas
ananglerangeof -1.114to 1.317radiansadistancaangeof
29.7to0 129.3mm, anda heightrangeof 126.6to0 162.4mm.
The policy tablesrequire0.9MB of storagespace.

Computing control policies. We randomlysampleda mil-

lion of states(s;e) and applied the updaterule to learn
the “approach-the-tgret” behaior. Runningtime to com-
putethis behaior wasapproximatelyonehour. The“throw-

punches-at-the-tget” behaior requireds million iterations
and7 hoursof computatiortime.

Animation and Control. Our rst example in Fig-
ure 5(middle) shovs an animatedboxer that tracks and
punchesa standingtarget. The usercandragthe targetin-
teractvely. The approachbehaior is alwaysactive andthe
punchbehaior is activated only whenthe tamgetis in the
boundingbox of effective hitting points.Collision between
the handsandthe tamget is checled at framesthat have ef-
fective punchesWhena collision is detectedthe tamgetre-
actsby de ectingin thedirectionof the punchby anamount
proportionalto the velocity of the punchand thenreturn-
ing slowly to its original position. The secondexamplein
Figure5(bottom)shavs two animatedboxersthat sparwith
eachother They arecontrolledby the samemotiondataand
controlpoliciesandconsiderthe headof the opponento be
their target to hit. Collision checkingis donebetweenthe
handsandthe upperbody of the opponentsReactionto the
collision is simulatedby displacingthe body segmentcon-
tactedby a punchin the direction of the blow usingan in-
versekinematicssolver.

Performance. To evaluatethe performanceof our system,
we created30 animatedboxerssparring(seeFigure6). Our
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Figure 5: Contwllable animatedboxess that hit andreact.(Top) Motion datawasrecodedin an emptyernvironment(Middle)
Our animatedboxerlearnedto track and hit thetarget. (Bottom)Two animatedooxess sparwith ead other

Figure 6: Thirty animatedooxess sparring

systemrequiredabout251 secondgo create1000 frames
of videoimages Actually, renderingdominatedhe compu-
tation time. Our systemrequiredonly 9 secondgo create
the sameanimationwith videoandsounddisabledIn other
words,the motion of 30 avatarsis computedandcontrolled
atarateof morethan100framespersecond.

7. Discussion

We have presente@ precomputatiomethodthatallows our
avatarsto be animatedand controlledinteractvely by con-
structingcontrol policies from a collection of motion cap-
ture data. Our method nds an optimal (with an in nite-

horizon delayedreward cost function) control policy at a
given resolutionand rangeof the statespace With a suf-
ciently densediscretizationof the state space,the com-
putedpolicy is ableto nd anoptimal sequencef actions,
which canalsobefoundby globalsearchalgorithmsusedin

¢ TheEurographic#ssociation2004.

[AF02, KGP03. Thelocal on-linesearchalgorithmusedby
Leeetal.[LCR 02]tradesoff theoptimality of solutionsfor
interactize performanceWe achiezed a similar trade-of by
nding asequenceavithin theresolutionandrangeof agrid.
Thisresultsin restrictingthe searchspace.

For realtimeinteractve systemsysingprecomputedon-
trol policieshasa signi cant adwvantagen performancever
local on-line searchalgorithms. Once the policy is com-
puted, motion synthesisat runtime can be extremely fast.
However, thereis a downsideto usingprecomputedolicy.
The precomputedpolicy doesnot allow usto changeopti-
mizationobjectvesandparameteratruntime,which makes
it dif cult to coordinatemultiple goals.

The presentednethodis memoryintensive. Computing
eachbehaior requiresO(NM) storagespacewhereN is the
numberof avatarstatesandM is the numberof grid points.
Recentresultsin machinelearningshow that function ap-
proximatorsand adaptve resolutionmodelscanbe usedto
storelarge statespacesompactly[KLM96, SB98] Moore
andAtkeson[MA95] reportedthattheir adaptve-resolution
algorithmcouldlearnpoliciesin space®f upto ninedimen-
sions.Learningin high-dimensionattatespacewill allow
morecorvincing trainingscenariosuchaslearningpolicies
from sparringwith anopponeninsteadof a statictarget.

We believe thatour methodcanbe generalizedo a broad
variety of humanmotion otherthanboxing. A challengeof
this generalizationis to understandhe contet of interac-
tions betweenavatarsand an ervironmentfrom unlabelled
motiondata.The currentmotion capturesystemsanhardly
capturephysical interactionsand contactsprecisely In our
boxingexample we recordednotiondatawithoutary phys-



Jeheel eeandKangHoonLee/ Precomputingivatar Behavior

icaltamgetandidenti ed effective hitting pointslaterby auto-
matically processinghe data.It shouldbe possibleto iden-
tify othertypesof physical or indirectinteractionssuchas
gazedirections.

Collision detectiorandresponsgrovide animportantvi-
sual cue for multiple characteranimation.We simply dis-
cardedthe physics of collision and choseto displacebody
se@mentsin contactsomavhat arbitrarily for the purpose
of visualizingcollision events.ZordanandHodgins[ZH02]
useda physical collision model to computethe reaction
of simulatedhumansto impact. Incorporatingthis physics
basedapproachinto realtimeinteractve systemss aninter
estingareafor futurework.
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