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Abstract

Automaticallygeneratedanticipationis a largely overlookedcom-
ponentof responsein charactermotionfor computeranimation.We
presentanapproachfor generatinganticipationto unexpectedinter-
actionswith examplestakenfrom humanmotioncapturedata.Our
systemgeneratesanimationby quickly selectingananticipatoryac-
tion usingaSupportVectorMachine(SVM) whichis trainedof�ine
to distinguishthecharacteristicsof a givenscenarioaccordingto a
metric that assessespredicteddamageandenergy expenditurefor
thecharacter. Weshow ourresultsfor acharacterthatcananticipate
by blockingor dodginga threatcomingfrom a varietyof locations
andtargetingany partof thebody, from headto toe.
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1 Intr oduction

Anticipation behavior has beenlargely overlooked in computer-
generatedcharacters,especiallyin interactive settingssuchasvir-
tual environmentsandelectronicgameswheresuchmotionsmust
becomputedautomatically. While respondingafter an interaction
hasreceivedconsiderableattentionandis necessaryto upholdthe
physical realismof contactresultingfrom an interaction,anticipa-
tory responsebefore an interactionis an importantcomponentfor
makingcharactersappearalert to their environmentandconcerned
abouttheir own well-being. In this paper, we introducea novel
techniquefor generatinganticipationthat selectsfrom a database
of possiblemotion captureexamplesof anticipationbasedon the
speci�c conditionsof animpendinginteraction.To accomplishthis
task,we employ a supervisedlearningmethodwhich is trainedon
thebestanticipationto usefor agivenscenariocomputedby weigh-
ing thepotentialdamagesustainedrelative to theamountof effort
requiredto carryoutaparticularanticipatoryact.

As our testbedwefocusonmakingacharacteranticipateandblock
athreatcomingfrom arangeof directions,heights,andspeeds.We
focusourdomainonacharacterwhichstartsfrom anidle, standing
state(ratherthananticipatinginteractionsstartingfrom any arbi-
trary state.)However, we do not make any assumptionsaboutthe
activities that the charactercando in regardsto anticipation. In-
stead,we adda large variety of anticipationclips (examples) to a
database,including actionssuchas taking protective steps,duck-
ing, or lifting a leg off the groundto protectagainsta threat. In
contrastto previous research[Metoyer et al. 2007]which builds a
modelof anticipationdrawn from psychology, we rely on human
performancein the form of anticipationexamplesto producelife-
like anticipatoryactionsand focus our effort on the construction
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of a reliablemethodfor automaticallyselectingwhich exampleto
employ basedon a trainedmodelof how to minimizedamageand
expendtheleastamountof energy in doingso.

2 Related Work

Several researchershave introducedtechniquesthat generatere-
sponsesfor motion capture-driven charactersreactingto unfore-
seenin�uences[OshitaandMakinouchi2001;ZordanandHodgins
2002; Yin et al. 2003; Shapiroet al. 2003; Mandel2004; Zordan
et al. 2005; Arikan et al. 2005; Komuraet al. 2005]. In general,
previousmethodsfor respondingto aninteractiontake into account
the physical componentsrelatedto the impact,either in the form
of a simulatedcollision, as in [Faloutsoset al. 2001; Zordanand
Hodgins2002; Mandel2004; Zordanet al. 2005], or by modify-
ing dynamicparametersof thecharactermotion,suchasjoint ve-
locities [OshitaandMakinouchi2001;Arikan et al. 2005]or mo-
mentum[Komuraet al. 2004;Komuraet al. 2005]. The resultof
creatingthesekinds of changesis charactermotion that givesthe
impressionof respondingphysically following theimpact.

To our knowledge, our previous researcheffort [Metoyer et al.
2007] is the only one reportedon anticipationfor characterre-
sponse.In that paper, we useinsightsdrawn from psychological
literatureto infer the properbehavior mechanismsto employ for
anticipatoryactionanddevelop heuristicrules that areconsistent
with psychological�ndings. Our previous resultsincludedantici-
pating impactsto the headandupperbody. In contrast,here,we
employ examplesof anticipationtakenfrom motioncapturewhich
aremorenatural-looking.In addition,we introduceanovel mecha-
nismfor learningtheconditionsleadingup to aninteractionbased
on a measureof expecteddamageandusesupervisedlearningto
choosethebestanticipationactionfor agivensituation.

Figure1: System�o w diagram

3 Overview

Our systemcombinesa selectionroutine,which decidestheantic-
ipation action to employ from a library of examples,with an in-
terpolationsynthesisstepwhich blendsfrom thecurrentmotionto
the anticipationmotion, taking into accountbalance. The selec-
tion routineusesa SupportVectorMachine(SVM) to choosethe
bestanticipationaction basedon information provided aboutthe
upcominginteraction. In an of�ine process,we train the SVM to
classifyusinga specializedperformanceindex which weighsthe
expecteddamageagainsttheamountof energy expended.At run-
time, theSVM classi�esthe input conditionsandpassestheantic-
ipation motion exampleclip to the interpolationsynthesisprocess



for balanceadjustmentandblending. Following the system�o w
diagramin Figure1, weassumethecharacterstartsin idle standing
balance(upperleft.) Whenaninteraction(or threat)is recognized,
thesystemselectstheanticipatoryclip to employ usingtheSVM.
Next, in theinterpolationsynthesisstep,a transitionto theexample
motionis generated,makingadjustmentsto balanceby controlling
the centerof massacrossthe transition. After the anticipationis
complete,we computea dynamicresponse[Zordanet al. 2005] if
thereis contactand�nally returnto the idling motionwith a �nal
blend.

4 Assessing damage

Oneimportantquestionweraisein thisresearchis whatis thefunc-
tionaleffectof anticipatoryaction.UnlikeMetoyeretal. [2007],we
attemptto answerthisquestionasameansfor assessinghowto an-
ticipatea givenscenarioautomatically. We do this by quantifying
theeffect ananticipationhason a given interactionaccordingto a
predicteddamageassessment.To assessthesuccessof a particular
anticipationfrom our databasefor a givenscenario,we simulatea
versionof the interaction,including the anticipationto be tested,
andmeasurethe amountof “damage”the charactersustains.By
simulatingseveralsuchwhat-if scenarios,we cancomparea num-
berof anticipationactionsfor a giventestinteraction.In doingso,
we canmake a conclusive statementaboutthebestanticipationac-
tion to takefrom ouranticipationdatabaseaccordingto ourdamage
assessment.In practice,it is impracticalto run many simulations
beforeselectingthe anticipation,especiallyin an interactive set-
ting, suchasa virtual environmentor electronicgame.Instead,we
usethis simulationprocessto producea trainingsetover which to
learntheboundsof speci�c characteristics(features)thatwill make
aparticularanticipationsuccessfuloveranother.

Figure2: Vulnerability diagram by body part

Theproposeddamagemetricis a key elementin thesuccessof our
approach. In particular, we assessdamagebasedon the amount
of impulseapplied to different body parts,where the sensitivity
to damageis assignedas a weight accordingto the vulnerability
diagramshown in Figure2. Basedon this weighting,a small to
moderateimpulseto the lower arm will causeless“damage”than
similar or larger impulseappliedto thechest.In many cases,con-
tact is madewith several partsof the body andeachcontribute to
theamountof damageassignedto a givenscenario.While damage
aloneis enoughto rankanticipationactions,it doesnotdifferentiate
betweena dramaticleapanda subtleleanwhich bothmayprevent
contactfrom apotentialblow. Thus,in additionto damage,weadd
a secondtermto our assessmentwhich accountsfor theamountof
work or energy neededto achieve a given anticipation. With this
term,themetriccandifferentiatetheleanfrom theleapandwould
givepreferenceto theleanif thedamagewerecomparable(because
thework/energy requiredwouldbemuchless.)

To relatethe raw damageandenergy terms,we introducea single
weightingvalue,h, whichwereferto asthe“brawn” factorbecause

it dictateshow muchpainacharacteris willing to sustain,basedon
how mucheffort (work) thecharacteris willing to expendto avoid
that pain. And we cansummarizeour damageassessmentmetric
by combiningthetermsassuch:

damage= å
i2B

((1� h)vi Ii + hWi) (1)

whereB = f 1; :::;mg for mbodies,vi is thevulnerabilityrating(Fig-
ure2.) Eachbody's impulse,I =

R
Fexternaldt, is computedfor all

simulatedcontactforcesfelt by that body in the speci�c simula-
tion of thegiveninteraction.We computethemechanicalwork for
eachbody, W =

R
FinternaldS, from the motion traceS taken from

theanticipationexampleclip andFinternal basedon bodymasses-
timatestimesaccelerationcomputednumericallyfrom the motion
trace.While this termis not anaccuratemeasureof theactualen-
ergy exertedby thehuman,it is a very reasonableindicatorof the
relative amountof energy presentin eachexamplemotion. Note,
the work termsonly needto be computedoncefor eachactionin
thedatabase.Thebrawn h is usedto normalizethemaximumex-
pectedvalueof thework termto thatof theimpulseterm.Also, this
factorprovidesa singleintuitive numberfor the animatorto tune.
Wesetthevalueto 0.1for all of our resultsin thispaper.

5 Super vised learning

We employ a SupportVectorMachine(SVM) [Boseret al. 2002]
to classifytheconditionsleadingup to aninteractionandselectthe
speci�c anticipationactionfrom our database.TheSVM worksby
training in an of�ine processandthenperformsselectionquickly
duringruntime.WeuseSVM to selectamongpossibleanticipation
actionsbasedon speci�c conditions(or features)sampledwhenan
impendinginteractionis (supposedly)recognizedby thecharacter.
Our SVM is built from training datathat bindsthe featuresof an
interactionwith thebestanticipationexampleto employ according
to ourdamagemetric.

Intuitively, SVM works by �nding partitionsin the spaceof input
data. Formally, SVM is usedto �t functions which maximize
the error margin betweensamplesfound in a training set. Let
T = f (x1;a1); :::; (xl ;a l )g be a setof training observationswhere
xi 2 Rn are the samplesof the featurevector with n dimensions
anda i are the correspondinganticipatoryactions(labels)chosen
to bebestby exhaustivesearch.TheSVM is createdby solvingthe
following optimizationproblem[Boseretal. 2002]:

minw;b;x
1
2w> w+ Cå l

i= 1xi

subjectto a i(w> f (xi) + b) � 1� xi ,
x � 0:

Training examples of feature vectors, xi , are mapped to a
multi-dimensionalspacewith separatingpartitions found with
maximal margins by varying weights, w, and probability es-
timates, b. Cost C > 0 is a weighting penalty for errors
termsxi . f (xi)> f (x j ) is de�ned to be kernel function K(xi ;x j )
and, for our purposes,we a use polynomial kernel K(xi ;x j ) =
(gx>

i x j + t)d;g > 0 with g;t;d as user-de�ned kernel parame-
ters. In our implementation,we employed the library LibSVM
(
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) which in-
cludesusefuldefaultsfor theuser-de�ned terms.

WechooseSVM overotherapproaches,suchasK-nearestneighbor
(KNN), becauseof thespeedof predictiongiventhecomplexity of
our trainingvector. While KNN canbespedup usingspatialparti-
tioning,thelargerthedimensionthemoredif�cult it is toopartition
effectively (in orderto beef�cient in �nding closeneighborexam-
ples.) SVM, in contrast,�nds the partition automaticallyand,at
run-time,is very fastto compute- which is importantfor real-time



applicationssuchasgamesandvirtual environments.In addition,
Faloutsosetal. [2001]employ SVMsfor characteranimationin the
trainingof preconditionsfor variousbehavior controllersandwhile
his problemis different,he reportshigheraccuracy for SVM over
KNN for hisapplication.

Figure3: Training �o w diagram

Training. For eachobservationaddedto thetrainingsetwe follow
the�o w diagramin Figure3. Thatis, to computea singleobserva-
tion thesystemsimulatesthetestinteractionin turnfor eachmotion
examplein theanticipationrepository, assessingthedamagemetric
andkeepingtrackof thebestactionto take basedon theminimum
damagefrom all thesimulations.Werun thisprocessfrom random
startingpoints, i.e. by varying the threatand characterstatefor
eachtestinteraction.While it is tooslow to runsuchanexhaustive
search(includingmany simulatedinteractions)online,this training
is doneof�ine andonly onceperdatabase.

Our featurevector is a hand-selectedset of characteristicstaken
from the test interactionat the time the character̀ recognizes'the
threat. In particular, we include the featureattributeswhich de-
scribethe stateof the threatat the time of recognition,namelyits
relative position, heading,and speed. In addition, in the results
in this paper, we provide two additionalpiecesof informationthat
we useas input for initializing the ball threat: the expectedtime
to impactandthe target body part. While this informationcould
becomputedby predictingtheball's pathof travel and�nding the
intersectionbetweenthat trajectoryandthecharacter's movement,
we preemptthis predictionandprovide thedatadirectly to ensure
the information is accurate. Finally, we encapsulatethe stateof
thecharacterin the featurevectorsimply, with a lookaheadof the
globalpositionandfacingdirectionfor thepredictedtime of con-
tact.

6 Balance Adjustment

To generateanimationgiven theanticipationaction,we proposea
simplebut effective interpolationsynthesistechniquethataccounts
for balance. The problemhereis to concatenatethe motion the
characteris currentlyfollowing with theanticipationmotionin the
example.To besuccessful,thetransitionshouldnot introduceany
unwantedartifacts.Themoststraightforwardsolutionis to alignthe
anticipationmotionglobally to thecharacter's currentpositionand
facingdirectionandthento blendtheroot positionandorientation
aswell as the joint angles. However, this would likely introduce
unnaturalfoot slidingsincethereis noguaranteethatthefeetarein
thesamecon�gurationbeforeandafterthetransition.

To overcomethis issue,we apply a balanceadjustmentstep. Our
speci�c routineis somewhatrelatedto previousapproachesfor bal-
ance�ltering [Tak et al. 2000;Metoyer et al. 2007] but is unique
becauseweapproximateapurposefulweightshift. Thatis, thesys-
temshiftstheweightto onefoot, basedon thefoot in theanticipa-
tion examplethat is carryingmoreof theweight. Then,we usethe
newly selected“supportfoot” asthe�x edrootpositionfor blending
andusethe inversekinematics(IK) routinedescribedby Metoyer

et al. on the other leg to keepthe foot on the ground. The goal
is to make thecharacterleanin thedirectionof onefoot andslide
theotherfoot into place- theeffect is aquickadjustmentof weight
that is largely imperceptibleand,we believe, quite naturalfor sit-
uationswheredoublesupportis followedby a suddenanticipatory
movement.

To accomplishbalanceadjustment,ouralgorithmmovesthecenter
of masssmoothlytowardthesupportfoot, runninganoptimization
step(BFGS)to placethepelvis,andusingIK to repositionthelegs
while keepingthefeet�x ed. With thecenterof massover thesup-
port foot, thesystemperformstheblendto theselectedexampleby
aligning the supportfoot in the examplemotion with the current
motion. During blending,thecenterof massis returnedsmoothly
to theunmodi�ed positionfor theanticipationexample.While we
do not move the non-supportfoot explicitly in the balanceadjust-
mentprocess,theweight is shiftedto thefoot which is usedasthe
(�x ed)root for theinterpolationblend,andthenon-supportfoot is
thereforeallowed to move as the blend takesplace. We found it
importantfor visual quality to useIK on the non-supportleg and
keepthefoot on theground,bothavoiding lifting thefoot andfrom
potentiallypassingthroughtheground.

7 Implementation and results

To realizeour approach,we hadto make several engineeringand
designdecisionsincludinghow to constructour databaseandhow
to implementthevariouscomponents.For our anticipationlibrary,
we include a set of exampleswhich we capturemethodicallyas
blocksandanticipationsprotectingfrom severaldirections,target-
ingvariousareasof thebody(legs,pelvis,trunk,head)andwith two
varyingdegrees,mild andexaggerated.In thecapture,thesubject
wasaskedto imagineathreatapproachingfrom eachof eightdirec-
tions.To ensurethatthedirectionswereconsistent,asecondperson
stoodoutsideof thecaptureregionandactedoutathrowing motion
to cuethesubject.After eachdirection,thesubjectresetto a home
positionandthe `thrower' moved to the next location in prepara-
tion for the next direction. In total, we includesixty examplesof
anticipationwhicharesegmentedandmirrored(left-to-right) total-
ing 120in the�nal repository.

Ourobservationsetfor trainingtheSVM includedover8200exam-
plesto producepleasingresults- computedin about60 cpuhours
on modernprocessors.The simulationof interactionsfor training
calculatedimpulsesusinga trackingcontroller [ZordanandHod-
gins 2002] and an ODE physical simulation (seewww.ode.org)
with ODE's collision handler. Even with this many examples,in-
frequentlytheSVM wouldchooseundesirableresults.To minimize
pathologicalanticipationssuchasa lucky dodgeof theheadwhich
resultsfrom ablockusingthelegs,weapplyamaskto thetraining
datawhich limits theanticipationsthataretestedto thosetargeting
aspeci�c bodypartor its immediateneighbor.

To createthe animationsshown in the video, our systeminterpo-
latesto the anticipationexampleby `slerp'-ing quaternions,with
a simpleease-in/ease-out(EIEO) time-basedweightingacrossthe
transition.With theblendedmotionto theanticipationin place,the
interactionitself is �nally computed.If the interactionresultsin a
contact(e.g. theSVM did not chooseananticipationthatdodgesa
ball completely,) we incorporatea versionof Zordanet al.'s [2005]
techniquefor respondingto unpredictedimpacts. This subsystem
utilizes the ODE simulationto reactphysically to collision forces
andthengeneratesasmoothtransitionby interpolatingbetweenthe
anticipationandsimulatedmotion. After a shortduration,thesim-
ulation is blendedback to the idle behavior or, at the animator's
discretion,to areactionexampleasdescribedin theoriginal imple-
mentation.

Results.Weshow in theaccompanying videoavarietyof examples
(SeeFigure4) wherethecharacteris ableto successfullydodgean



Figure4: Animation �lmstrips. Two examplesof anticipation fr om our system(view left to right).

incomingball aswell asbelievably anticipateandphysically react
to threatswhich the characteris unableto avoid completely. In
additionwe show a setof animationswherewe make othermod-
i�cations to test the limits of the system,namely: we modify the
startingstateto begin from a �ghting motiontakenfrom adifferent
source(actor);andweaddanexamplewherethedynamicresponse
returnsto a new reactionexample. The dynamicresponseis too
slow for real-timecurrently, but without it, thesystemrunsinterac-
tively usinganAMD Athlon64CPUwith 2 Gigabytesof memory
(with hardwarerendering.)

8 Conc lusions

In thispaper, wepresentanapproachfor generatinganticipationus-
ing humanmotioncaptureexamples.Weemploy supervisedlearn-
ing to selecttheexamplebasedon thegivenscenarioandtrain our
learneronobservationswheredamageandenergy arefactorsin de-
termining the most suitableanticipationfor the conditionsof the
scenario.To limit our scope,we focusour attentionon a speci�c
testbedwhereastandingcharacterrespondsto athreatapproaching
from avarietyof trajectories.

As described,thereareanumberof limitationswith ourcurrentap-
proach.Foremost,weassumethatthecharacteris startingin stand-
ing balanceandwhile we do allow thecharacter's stateto vary, the
rangeof startingstatesfor mostof our animationsis fairly narrow.
This issueis due to the fact that the anticipationwe generateis
computedusinginterpolationsynthesisandto generalizeto a larger
setof startingstateswe would needto improve this componentof
thesystemin orderto upholdthequality of themotiongenerated.
Regardless,ourcontributionsfor damageassessmentandfastselec-
tion usingSVM will likely bebene�cial for moregeneralsystems.
In addition,in someanimations,thecharacterappearsomnipotent
or "super-human."Adding delays,noise,and/orfailed attemptsat
anticipationwould �x this problemand�t nicely within our exist-
ing framework. Finally, we point out that the vulnerability rating
will needto changebasedon the threat,for examplecomparinga
ball to a knife, the expectedsensitivity of differentbody partsis
drasticallydifferent.

Even with theselimitations, this work representsa large stepfor-
wardin thestateof theart for automaticallygeneratinganticipation
action for charactersandwe look forward to further advancesin
thisexciting topic in thenearfuture.
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