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Abstract
Creatingcontrollable, responsiveavatars is an importantproblemin computergamesandvirtual environments.
Recently, large collectionsof motioncapture datahavebeenexploitedfor increasedrealismin avataranimation
andcontrol. Large motionsetshavetheadvantage of accommodatinga broadvarietyof natural humanmotion.
However, whena motion set is large, the time required to identify an appropriate sequenceof motionsis the
bottleneck for achieving interactive avatar control. In this paper, we presenta novel methodof precomputing
avatar behaviorfrom unlabelledmotiondata in order to animateand control avatars at minimal runtimecost.
Basedon dynamicprogramming, our method�nds a control policy that indicateshow the avatar shouldact in
any given situation.We demonstrate the effectivenessof our approach through examplesthat include avatars
interactingwith each otherandwith theuser.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.7 [Three-DimensionalGraphicsandRealism]:
Animation,Virtual reality

1. Intr oduction

Realtimeanimationandcontrolof three-dimensionalavatars
is an importantproblemin the context of computergames
andvirtual environments.Recently, largesetsof motioncap-
turedatahavebeenexploitedto provideincreasedrealismin
interactiveapplicationsaswell asoff-line animationproduc-
tion. Creatinglifelik emotionof avatarsrequiresmany com-
ponents:acquiringa rich setof avatarbehaviors thatappear
natural,representingthe behaviors in a connectedway for
seamlessanimation,andgiving the usercontrol over those
behaviors.Weareinterestedin thelastof these:selectingap-
propriatebehaviors sothat theavatarrespondsinteractively
to usercommands.

A set of avatar motions has often beenrepresentedas
a directedgraphthat encodesconnectivity betweenbehav-
iors (e.g.,squattingcanbefollowedby jumping).Combined
with statisticalmodels,suchasMarkov processesandhid-
den Markov models,this graph-basedrepresentationcom-
bines�e xibility in an avatar's behavior with the ability to
controltheavatar'sactions.However, applyingthisapproach
to interactiveavatarcontrolis challengingbecausethegraph
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Figure 1: The realtimematch simulationis createdusing
motiondatacapturedfroma singleperformerwhoshadow-
boxed.Shadowboxingis sparring with an imaginary oppo-
nentas a form of training. From motiondata,our control-
lable animatedboxers learnedseveral behaviors to interact
with each otherandinteractwith theuser.

must be very large in order to accommodatea rich vari-
ety of naturalhumanmotions,andthis largegraphmustbe
searchedat runtime to selectappropriatemotions interac-
tively.
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In this paper, we presenta pre-computationmethodthat
allows avatarsto be animatedand controlled interactively
fromalargecollectionof humanmotiondataatminimalrun-
timecost.Ourmethodtabulatestheutility of takingdifferent
actionsin any givenstatesothatanappropriatesequenceof
actionscanbefoundef�ciently usingtablelookup.Our ap-
proachis basedon dynamicprogrammingwhich allows us
to producea control policy (or behavior) for a given state-
actionmodel.Wecomputeasmallcollectionof controlpoli-
ciesthatareusedto controlthemotionof ouravatars.

There exist a numberof path planningand state-space
searchalgorithmsthat �nd a pathwhenstartandgoalstates
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 any given situation.Once the policy is computedat a
preprocessingphase,our avatarcan�nd a sequenceof ac-
tions to the goal very ef�ciently at runtime.Our approach
is resolution-completein thesensethattheoptimal(with an
in�nite-horizon delayedreward cost function) control pol-
icy canbefoundat a givenresolutionandrangeof thestate
space.

We demonstratethe realtimecapabilityof our approach
throughexamplesthat includeanimatedavatarsinteracting
with eachotherandwith theuserin adynamicenvironment.
Theusercanhavedirectandimmediatecontrolover themo-
tion of theavatar. Our approachis relatively easyto imple-
mentandcanbe appliedto a wide variety of humanactiv-
ities. For our experiments,we selecteda domainof human
motionwhich involvessigni�cant physical interactions(see
Figure1).

2. Background

Animationandcontrolof three-dimensionalsyntheticchar-
acters has been an active researchtopic in computer
graphicsfor decades[BG95,Blu98,BC89, NZB00,PG96].
More recently, attentionhasbeengiven to data-driven ap-
proachesusing motion capturedata. 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 animatedavatar in realtime.A
numberof researchersexplored puppetry techniquesthat
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,SLSG01]. This
paper focuseson controlling avatars without any special
equipmentfor userinterface.

Statisticalmodelshave beenfrequentlyusedto capture
theunderlyingstructureof a largecollectionof motiondata.
Several researchershave exploredmethodsfor introducing
statisticalvariationsinto motion [BS97, PB00,SBS02]. A
more popular approachis to exploit PCA dimensionality
reductionfor simplifying the data,clusteringfor grouping

similar motions,anda Markov processmodelfor allowing
transitionsbetweenclusters.The transitionsbetweenclus-
tersyield adirectedgraphthatis oftenrepresentedasa tran-
sition table.BrandandHertzmann[BH00] usea variation
of hiddenMarkov modelsto generalizemotiondataandin-
troducestylistic variationsinto motion.Galataandhercol-
leagues[GJH01] usevariablelengthhiddenMarkov mod-
els to allow the length of temporaldependenciesto vary.
Bowden[Bow00] usespiecewisenon-linearprinciplecom-
ponentanalysiswith aMarkov chainto compactlyrepresent
motiondata.Molina-TancoandHilton [MH00] developeda
PCA-andclustering-basedsystemthatidenti�es asequence
of motion segmentsinterpolatinguser-speci�ed keyframes.
Li et al. [LWS02] adoptedlinear dynamicsystemsto pro-
videbetterapproximationto motionswithin clustersandin-
troducesmall variationsinto motion dynamicsby perturb-
ing theparametersof lineardynamicsystems.Thestatistical
modelsof Kim etal. [KPS03]alsomakeuseof k-meanclus-
tering anda transitiongraphto synchronizedancemotions
with music.

Severalresearchgroupshaveexploredtechniquesfor syn-
thesizingnew motionsby cutting piecesfrom existing mo-
tion dataandreassemblingthemin a novel order. This pro-
cessis facilitatedby a graphrepresentationthatallows tran-
sitionsbetweenindividual motion framesratherthanclus-
ters of motions.Frame-level transitionmethodsavoid the
risk of smoothingout �ne detailsof motionduringPCA di-
mensionalityreductionand clustering,but createa bigger
transitiongraphthat makesavatarcontrol even morechal-
lenging.PullenandBregler [PB02] segmentedmotiondata
into smallpiecesandrearrangedthemto meetuser-speci�ed
keyframes.Kovar et al. [KGP02] generateda graphstruc-
ture from motiondataandemployed thebranchandbound
algorithm to control an avatar to follow a sketchedpath.
ArikanandForsyth[AF02] createdahierarchy of graphsand
employed a randomizedsearchalgorithm for synthesizing
a new motion subjectto temporalandpositionconstraints.
Both algorithmsare intendedto �nd a global solutionand
maynotbesuitedfor interactivecontrol.Leeetal. [LCR� 02]
usea local on-line searchalgorithmwhich is demonstrated
to generate5 to 8 framesof avatarmotionpersecondwhen
thelengthof time theavatarlooksaheadis moderatelylim-
ited. However, this performanceis still far from realtimein
an environmentwith multiple characters.They also noted
that graphsearchcanbe quite ef�cient if the graphis em-
beddedinto aspeci�c environmentandthusthe�e xibility of
theavatar'smotionis limited. Choietal. [CLS03] generated
a graphrepresentationof motionembeddedinto a cluttered
environmentfrom motion datathat is capturedin a differ-
ent(usuallyempty)environment.This environment-speci�c
graphfacilitatescreatingbipedlocomotionthrougha com-
plex environment with obstacles.Arikan et al. [AFO03]
showedthatmotionsynthesisfrom a graphstructurecanbe
castasdynamicprogramming.Our work is built uponthis
previouswork andaimsto pre-computethegraphsearchin
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everypossiblesituationandtabulatetheresultsto �nd anap-
propriatesequenceof motionsat minimal runtimecost.Our
systemis severalordersof magnitudefasterat runtimethan
theaforementionedgraphsearchanddynamicprogramming
algorithms.

Machinelearningtechniqueshave beenextensively exer-
cisedin computeranimation.Ngo andMarks [NM93] cre-
ate dynamiccontrollersof simple creaturesusing genetic
programming.Sims[Sim94] alsoexploits geneticprogram-
ming for simulating a virtual creaturethat can evolve its
morphology. Grzeszczuketal. [GT95,GTH98]exploredau-
tomatic learning techniquesfor animatingdynamic mod-
els suchas �sh and lunar landers.Thesetechniqueswere
basedon controlabstractionandneuralnetworks.Faloutsos
etal. [FvT01] employ SupportVectorMachine(SVM) clas-
si�ers for identifying the “pre-conditions”underwhich dy-
namiccontrollersareexpectedto functionproperly. Arikan
et al. [AFO03] use SVM classi�ers to annotatemotion
databaseswith intuitive keywords and allow usersto de-
scribeadesiredscenariowith thoseannotations.

Reinforcementlearningrefersto asetof problemsthatin-
volveagentshaving to learnhow to actin any givensituation
throughtrial-and-errorinteractionswith a dynamicenviron-
ment.Excellentsurveyscanbefoundin [KLM96, SB98].A
numberof variantsof reinforcementlearninghavebeenused
in roboticcontrolandpathplanning.Atkesonetal. [AMS97]
constructedatwo-armedrobotthatlearnsto juggleatapered
stick by hitting it alternatelywith eachof two handsticks.
Mataric[Mat94] presentedareinforcementlearningmethod
to train a groupof robotswith a steerablewheeledbaseand
a gripper to travel, collect small disks,and transportthem
to a destinationregion.Reinforcementlearningis usedrela-
tively little in computergraphics.Blumberg et al. [BDI � 02]
createdan autonomousanimateddog that is trainedto rec-
ognizeacousticpatternsascuesfor actions.They focused
on training proximatecausalitybecausethat is suitablefor
animaltrainingfrom anecologicalpointof view.

Schödlandhiscolleaguesinvestigatedavarietyof search
algorithmsfor creatingvideo textures [SSSE00]and ani-
matingvideosprites[SE01,SE02]. For scriptedanimations,
they suggestedbeamsearchand repeatedsubsequencere-
placementthatsearchapaththroughstatespacesgivenstart
and goal con�gurations. They suggesteda reinforcement
learning techniqueknown as Q-learning for interactively
controlling video spritesto animatefollowing a speci�ed
path.Q-learningis themostpopularreinforcementlearning
method,but often suffering from excessive memoryusage.
We areinterestedin creatingmorecomplicatedhuman-like
charactersthathit andreact,andemploy a simplerdynamic
programmingmethodthatrequireslessmemory.

Our work is related to data-driven pre-computation
methods in global illumination and dynamic deforma-
tion. A number of researchershave explored techniques
to pre-computeglobal radiancetransfereffects over sur-

faces in a scene and tabulate them to render the
scenequickly at any viewpoint in a variety of lighting
conditions [NRH03,SHHS03,SLSS03]. Jamesand Fata-
halian [JF03] pre-computedthe dynamicsof deformable
modelsto facilitaterealtimesimulation.They allowedalim-
ited form of userinteractionin orderto simplify thedimen-
sionalityof thestate-actionspace.

3. State-ActionModel

Ourstate-actionmodelassumesanavatarthathasa discrete
set of statesS and actionsA, and a target that also hasa
discretesetof statesE. The entiresystemis modelledasa
state-actionpair 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 becausethe avatar's decisionas to how
to actdependsonly on thecurrentstate.To learnbehaviors
effectively, it is very importantto have a low-dimensional
state-actionspacewith gooddiscretization.Bothhumanmo-
tion and target statesarehigh-dimensionalandcontinuous
in general.A simpli�ed modelof the systemmustbe pro-
vided to make precomputationpractical.In this section,we
describehow to constructa discretestate-actionmodelin a
preprocessingphase.

Our representationof humanmotion largely follows that
of Lee et al. [LCR� 02], which forms a directedgraphwith
its nodescorrespondingto motionframesandits edgescor-
respondingto connectingtransitionsbetweenframes.This
representationcan be automaticallyconstructedfrom ex-
tended,unlabelledsequencesof motion data by identify-
ing similar framesand creatingtransitionsbetweenthem.
The constructionmethodof Lee et al. createsa relatively
smallnumberof frameswith multiple out-goingtransitions
andleavesmany frameswith a singleout-goingtransition,
becauseadditional transitionsare allowed only at discrete
events(e.g.,the foot is aboutto touchor leave theground).
Thesetof avatarstatesS includesall framesthathave mul-
tiple out-goingtransitions.Consecutive frameswith asingle
out-goingtransitionarecollapsedinto an actionin A. With
this de�nition, a statein S representsa static poseof the
avatarandtaking an actionresultsin a transitionfrom one
stateto another(seeFigure2(c)).

We areparticularly interestedin controlling avatarsin a
dynamicenvironmentwith moving tagetssuchasa moving
targetto punchandaball to follow andhit. A discretesetof
targetsE formsa grid of locations.It is convenientto repre-
sentthe grid with respectto a polar coordinatesystemthat
is centeredat the locationof theavatar. Thedimensionand
rangeof thegrid dependsnotonly onthegeometryof theen-
vironmentbut alsoon thetypeof behavior to belearned.In
ourboxingexample,weconsidertwo behaviors: “approach-
the-target” and“throw-punches-at-the-target” (seeFigure3).
Computingthe latter requiresconsiderationof a relatively
small region of the entire statespacewithin arm's length,
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(A)

(B)

(C)

(D)

Figure 2: Thestate-actionmodelof avatarmotion.(A) The
motion data initially consistsof a numberof motion clips
containingmanyframes.Each framerepresentsa poseof
theavatar. (B) Manyframe-to-frametransitionsare created
to forma directedgraph.(C) Frameswith a singleout-going
transitionare collapsed.Thesimpli�ed graph representsa
discrete state-actionmodel(S;A) of avatar motion,where
thenodesof thegraphcorrespondto statesSandtheedges
correspondto actionsA. (D) Target statesare discretized
into gridsandassociatedwith nodes.

andthe region mustbe three-dimensionalto accommodate
thex, y, andz-coordinatesof thetarget.In contrast,comput-
ing theapproachbehavior requiresa two-dimensionalstate
spacebecausethe heightof the target is not necessary, and
theregionof interestis largerto allow trackingof a targetat
anarbitrarylocation.In theory, theentire(perhapsin�nitely
large) statespaceshouldbe consideredto �nd the optimal
pathif thetargetcanbelocatedarbitrarily faraway. In prac-
tice, we do not needto searchtheentirespaceexhaustively
becausesearchin a partial region aroundtheavatargivesa
goodapproximatepath.The resolutionof the grid depends
ontheexpectedprecisionof control.For example,thepunch
behavior shouldbecomputedwith a �ne grid to control the
directionof thepunchprecisely, while theapproachbehav-
ior needsarelatively coarsegrid to providearoughdirection
towardthetarget.

4. PrecomputingControl Policies

Thegraphrepresentationof motiondataprovidestheavatar
with a broadvariety of actionchoices,andthe avatarmust
selectoneactiona 2 A at eachstepof thesimulationbased

Figure 3: Thestatespaceof a moving target is discretized
differently for two behaviors: (Left) A grid for “approach-
the-target” is two-dimensional,omni-directional, and rel-
atively coarse. (Right) A grid for “thr ow-punches-at-the-
target” is three-dimensionaland dense. It covers a rela-
tively narrow andsmall region aroundtheavatarwhere the
avatar'spunchesreach.

on thecurrentstate(s;e) 2 S� E. Findinganoptimalaction
involvesa searchthroughtheexponentially-growing treeof
actionsthat can move the avatar through the state-action
space.Thissearchis theprimarybottlenecklimiting interac-
tive avatarcontrol.Our goal is to pre-computewhich action
to take at any given situationin order to �nd an appropri-
ateactionvery ef�ciently at runtime.A naive approachis to
expandthesearchtreefor every state-actionpair f (s;e);ag
to evaluatethe utility of taking actiona at state(s;e). This
approachcanbeprohibitively slow (evenasapreprocessing
step)for any environmentandmotiondataof practicaluse.
Themajorreasonfor this sluggishperformanceis thatlarge
portionsof the state-actionspaceareredundantlytraversed
by a numberof searchtreesrootedat differentstates.Dy-
namic programmingprovides an ef�cient solution for this
problem.

4.1. Formulation

Our approachwas inspiredby reinforcementlearningthat
is designedto allow autonomousagentsto learn a partic-
ular behavior throughtrial-and-errorexperiments.On each
trial, the learnermay receive a reward for takinganaction.
Throughrepeatedtrials, thelearnermustdiscoverwhichac-
tionstendto increasethe long-runsumof rewardsin future
trials. In our boxingexample,giventargete, theboxer at its
stateshasto chooseanactionfrom asetof actionsimmedi-
atelyavailableto theboxer at thatstate.Takingoneof those
available actionsmay not result in any immediatereward,
but rewardsmay be received later whenthe target is hit by
the punch.Taking thosedelayedrewards into account,the
boxer learnsto chooseasequenceof actionsthatmaximizes
thesumof futurerewards

G =
¥

å
t= 0

gt rt ; (1)

wherediscountfactor 0 < g < 1 gives a penaltyfor long-
delayedrewardsin orderto modelthe uncertaintyof a dy-
namicenvironmentandto make thein�nite sumconverge.
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The basic idea of reinforcementlearning is to createa
lookuptablethat indicateswhich actionto take givena tar-
get.Eachentryof thetable,indexedby (s;e), representsthe
expecteddiscountedsumof rewardthat theavatarwill gain
if it startsin that stateand executesthe optimal policy. It
hasbeenshown that the optimal valuesfor the entriescan
belearnedby randomlysamplingstatesandapplyinga local
updaterule to eachstate.This rule is intendedto re�ect an
immediatereward for taking an action from that stateand
propagaterewardsgraduallyto precedingstates.

Wedescribeherehow to de�ne rewardfunctionsfor train-
ing our avatars.RewardR(s;e;a) is a scalar-valuedfunction
of state(s;e) andactiona. The reward function is speci�c
to a behavior to be learned.Typically, an impulsive reward
signalis receivedat a speci�c time instanceif somecondi-
tionsaresatis�ed.Thereward function takesthemaximum
of discountedsignalsover thedurationof actiona.

R(s;e;a) = max
t

�
gt I (t)w(t)

�
; (2)

whereI(t) = 1 if a desiredcondition is satis�ed at time t
(e.g.,the punchlies on the target).Otherwise,I (t) is zero.
w(t) is a weight term.Somebehaviors canbe modelledto
provideacontinuousform of rewardsignals,which leadsto

R(s;e;a) = max
t

�
gtw(t) exp(�

ke(t) � edk
s

)
�

; (3)

whereed is the destinationstatethat receivesthe maximal
reward.Thelearningprocesscanconvergemorerapidlywith
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
randomlychooseaposesof theavataranda targeteamong
grid points.Theavatarneedsto decidewhich actionto take
amonga setof actionsimmediatelyavailable to the avatar
at states. A greedypolicy is to selecttheonethatgainsthe
highestrewardin onestep.Takingactiona bringstheavatar
to states0andthetargetto a new locatione0(sincetheloca-
tion is representedwith respectto a localmoving coordinate
system).Accordingto the greedypolicy, the valueat (s;e)
shouldbe updatedto re�ect the immediatereward andthe
value of the next state(s0;e0), using the bestavailable ac-
tion. This processis calledvalueiteration in reinforcement
learningcommunityandcanbeshown to convergeto theop-
timal values.Werepeattheprocessuntil all stateshavebeen
visiteddozensof times.

Ourupdatingrule is

V(s;e) := max
a

�
R(s;e;a) + gtV(s0;e0)

�
; (4)

which assertsthat taking action a at state(s;e) resultsin

thetransitionto state(s0;e0) andproducesimmediatereward
R(s;e;a). RewardR(s;e;a) is addedto thediscountedvalue
of the next stateand the result is usedto updateV(s;e). t
is thedurationof actiona. Sincee0maynot coincidewith a
grid point,weapproximateV(s0;e0) by linearly interpolating
valuesatadjacentgrid points.

Our implementationof tableV(s;e) producesanumberof
smalltables.Eachof thesmalltablesVs(e) is associatedwith
avatarstatesandindexedonly by targete (seeFigure2(d)).

5. Runtime Synthesis

Oncethetablehasbeen�lled with appropriatevalues,�nd-
ing a sequenceof actions at runtime is straightforward.
Whenever the avataris provided with morethanoneavail-
ableaction,the avatarselectsthe onethat makestransition
to thestatewith thehighestvalue.This simplegreedystrat-
egy causesthe avatarto act optimally at a given resolution
andrangeof thestatespace.If multiplebehaviorsareactive,
theavatarmustreconcilebehaviorsthatproducedifferentre-
wardvalues.We simply selectanactionthatmaximizesthe
weightedsumof valuesfrom multiplebehaviors.

To createlively avatars,randomnessin choosingactionsis
asimportantasoptimality with respectto gettinga reward.
In fact, real peopleoften do not act optimally. An athlete
may deliberatelychoosedifferent actionsin similar situa-
tions, for example,in order to trick his opponents.To in-
corporaterandomnessinto our system,we identify a small
numberof preferableactionsandthenselectonerandomly
insteadof choosingthebestaction.

6. Experiments

All of themotiondatausedin ourexperimentswascaptured
from aViconopticalsystemattherateof 120frames/second
and then down-sampledto 15 frames/secondfor realtime
display. Motion capturedatacontainstrajectoriesfor thepo-
sitionandorientationof therootnode(pelvis)aswell asrel-
ative joint anglesfor eachbodypart.Timing datawasmea-
suredonanIntel PentiumIV 2.4GHzcomputerwith 1Gbyte
mainmemory. Ourcontrollableanimatedboxersarecreated
throughfollowing steps.

Data Acquisition. We recordedmotionsof about8 minutes
durationfrom aprofessionalboxer. In therecordeddata,our
subjectshadowboxedalonein anemptyenvironment.Shad-
owboxingis a popularself-trainingmethodof sparringwith
an imaginaryopponentto practicevariouscombinationsof
punchesandfootwork. Our subjectperformedabout20 dif-
ferentcombinationsof punchesthat includeda left jab fol-
lowed by a right straightpunch,a right uppercutfollowed
by a left hook,andsoon.Mostof combinationsconsistedof
two to four punches.He alsoperformedassorteddefensive
actionssuchasducking,dodging,andblockingpunches.To
avoid the introductionof unnaturaltransitions,we did not
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Figure 4: Thedistribution of effectivehitting points.Front,
top,andsideviewsaredepicted.

provide our subjectwith any scenarioor speci�c sequence
of punches,exceptto constrainthemotionwithin thecapture
region (5 by 5 meters).We recordedin long clips (about90
secondseach)to allow oursubjectto performnaturaltransi-
tionsbetweenactions.

Data Annotation. Identifyingcontactwith theenvironment
is importantfor generatinggoodtransitionsbetweenmotion
segmentsandcomputingreward functions.Motion capture
datadoesnotexplicitly indicatewhenthefeetandtheground
are in contactandwhenpunchesareeffectively hitting an
imaginarytarget. Our systemautomaticallyannotatesmo-
tion datawith this information.As in Lee et al. [LCR� 02],
feetareconsideredto beon thegroundif oneof their adja-
centjoints (eithertheankleor thetoe)is suf�ciently closeto
thegroundandits velocityis below somethreshold.Punches
candeliver power effectively whenthe directionof motion
of the�st andtheforearmaxisareparallelat themomentof
hitting. In oursystem,punchesareconsideredto beeffective
if the magnitudeof the velocity vectorof the �st projected
ontotheforearmaxisis abovesomethresholdandthedirec-
tionsof thesevectorsarenot opposite.The tip of the �st at
themomentof hitting is calledaneffectivehitting point. We
found 788 effective hitting points in our dataset (seeFig-
ure4).

Graph Construction. We constructa directedgraphfrom
motion data by adding connecting transitions between
frames.A transition from frame i to frame j is addedif
posesat frame i and j � 1 are similar and the left foot is
aboutto leave thegroundin bothframes.Thesimilarity be-
tweenposesis measuredby consideringdifferencesin joint
anglesandvelocities[LCR� 02]. To avoid deadendsin the
graph,we�nd astronglyconnectedcomponentin whichev-
ery frame can be reachedfrom every other frame through
transitions[KGP02,LCR� 02].Thestronglyconnectedcom-
ponentcontains6453frames,which correspondsto about7
minutesand17 secondsof motion.Collapsingframeswith
a singleout-goingtransitionleaves437 framesand27072
transitions.Theseframesand transitionsform the discrete
setof statesandactionsof ouranimatedboxers.

Reward Functions. Our boxers learned two behaviors:
“approach-the-target” and “throw-punches-at-the-target”.

Therewardfunctionfor theformerbehavior is

r = max
t

�
gt exp(�

kp(t) � pdk
10

)
�

; (5)

wherepd is the2-dimensionallocationof thetarget.Because
thecharacteris approachingthetargetandnotyetstrikingit,
p(t) is the2-dimensionaltrajectoryof thecentroidof effec-
tive hitting points.The discountfactorg is 0.97.All coor-
dinatesarerepresentedwith respectto a (body local) polar
coordinatesystem.Thecircular region aroundtheavatarof
2 meterradiusis discretizedinto a grid of size5 (distance)
by 13 (angle)(seeFigure3 (left)).

Therewardfunctionfor thelatterbehavior is

r = max
t

�
gt I (t)w(t)

�
; (6)

whereI(t) = 1 if the locationof a �st is suf�ciently close
to the target andthe annotationat that frameindicatesthat
the punch is effective. Otherwise,I (t) is zero. Parameter
w(t) � 1 is the normalizedvelocity of the blow at the mo-
mentof hitting andis setequalto onefor the fastestblow.
This function is associatedwith a 10� 10� 4 grid that is
overlayedontheboundingvolumeof effectivehitting points
(seeFigure3 (right)andFigure4).Theboundingvolumehas
ananglerangeof -1.114to 1.317radians,adistancerangeof
29.7to 129.3mm,anda heightrangeof 126.6to 162.4mm.
Thepolicy tablesrequire0.9MB of storagespace.

Computing control policies.We randomlysampleda mil-
lion of states(s;e) and applied the updaterule to learn
the “approach-the-target” behavior. Runningtime to com-
putethisbehavior wasapproximatelyonehour. The“throw-
punches-at-the-target” behavior required5 million iterations
and7 hoursof computationtime.

Animation and Control. Our �rst example in Fig-
ure 5(middle) shows an animatedboxer that tracks and
punchesa standingtarget. The usercandragthe target in-
teractively. The approachbehavior is alwaysactive andthe
punchbehavior is activatedonly when the target is in the
boundingbox of effective hitting points.Collision between
the handsandthe target is checked at framesthat have ef-
fective punches.Whena collision is detected,the target re-
actsby de�ecting in thedirectionof thepunchby anamount
proportionalto the velocity of the punchand then return-
ing slowly to its original position.The secondexamplein
Figure5(bottom)shows two animatedboxersthatsparwith
eachother. They arecontrolledby thesamemotiondataand
controlpoliciesandconsidertheheadof theopponentto be
their target to hit. Collision checkingis donebetweenthe
handsandtheupperbodyof theopponents.Reactionto the
collision is simulatedby displacingthe body segmentcon-
tactedby a punchin the directionof the blow usingan in-
versekinematicssolver.

Performance. To evaluatethe performanceof our system,
we created30 animatedboxerssparring(seeFigure6). Our
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Figure5: Controllableanimatedboxers thathit andreact.(Top)Motiondatawasrecordedin anemptyenvironment.(Middle)
Our animatedboxerlearnedto track andhit thetarget. (Bottom)Twoanimatedboxerssparwith each other.

Figure6: Thirty animatedboxerssparring.

systemrequiredabout251 secondsto create1000 frames
of videoimages.Actually, renderingdominatedthecompu-
tation time. Our systemrequiredonly 9 secondsto create
thesameanimationwith videoandsounddisabled.In other
words,themotionof 30 avatarsis computedandcontrolled
ata rateof morethan100framespersecond.

7. Discussion

Wehavepresentedaprecomputationmethodthatallowsour
avatarsto be animatedandcontrolledinteractively by con-
structingcontrol policies from a collectionof 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 statespace,the com-
putedpolicy is ableto �nd anoptimal sequenceof actions,
whichcanalsobefoundby globalsearchalgorithmsusedin

[AF02, KGP02]. Thelocalon-linesearchalgorithmusedby
Leeetal. [LCR� 02] tradesoff theoptimalityof solutionsfor
interactive performance.We achieveda similar trade-off by
�nding asequencewithin theresolutionandrangeof agrid.
This resultsin restrictingthesearchspace.

For realtimeinteractive systems,usingprecomputedcon-
trol policieshasasigni�cant advantagein performanceover
local on-line searchalgorithms.Once the policy is com-
puted,motion synthesisat runtime can be extremely fast.
However, thereis a downsideto usingprecomputedpolicy.
The precomputedpolicy doesnot allow us to changeopti-
mizationobjectivesandparametersat runtime,whichmakes
it dif�cult to coordinatemultiplegoals.

The presentedmethodis memoryintensive. Computing
eachbehavior requiresO(NM) storagespace,whereN is the
numberof avatarstatesandM is thenumberof grid points.
Recentresultsin machinelearningshow that function ap-
proximatorsandadaptive resolutionmodelscanbe usedto
storelarge statespacescompactly[KLM96, SB98]. Moore
andAtkeson[MA95] reportedthattheir adaptive-resolution
algorithmcouldlearnpoliciesin spacesof upto ninedimen-
sions.Learningin high-dimensionalstatespaceswill allow
moreconvincing trainingscenariossuchaslearningpolicies
from sparringwith anopponentinsteadof astatictarget.

We believe thatour methodcanbegeneralizedto a broad
varietyof humanmotionotherthanboxing.A challengeof
this generalizationis to understandthe context of interac-
tions betweenavatarsandan environmentfrom unlabelled
motiondata.Thecurrentmotioncapturesystemscanhardly
capturephysical interactionsandcontactsprecisely. In our
boxingexample,werecordedmotiondatawithoutany phys-
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ical targetandidenti�ed effectivehittingpointslaterbyauto-
maticallyprocessingthedata.It shouldbepossibleto iden-
tify other typesof physical or indirect interactionssuchas
gazedirections.

Collisiondetectionandresponseprovideanimportantvi-
sual cue for multiple characteranimation.We simply dis-
cardedthe physicsof collision andchoseto displacebody
segmentsin contactsomewhat arbitrarily for the purpose
of visualizingcollision events.ZordanandHodgins[ZH02]
useda physical collision model to computethe reaction
of simulatedhumansto impact. Incorporatingthis physics
basedapproachinto realtimeinteractive systemsis aninter-
estingareafor futurework.
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