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Abstract

Automaticallygeneratednticipationis a largely overlooked com-
ponentof responsén charactemotionfor computemanimation.We
presentnapproachor generatingnticipationto unexpectednter
actionswith examplestakenfrom humanmotion capturedata.Our
systermgenerateanimationby quickly selectingananticipatoryac-
tion usinga SupportvectorMachine(SVM) whichis trainedof ine
to distinguishthe characteristicef a givenscenaricaccordingto a
metric that assessepredicteddamageand enegy expenditurefor
thecharacterWe shav ourresultsfor acharactethatcananticipate
by blockingor dodginga threatcomingfrom a variety of locations
andtargetingary partof thebody, from headto toe.
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1 Introduction

Anticipation behaior has beenlargely overlooked in computer
generatedharactersespeciallyin interactve settingssuchasvir-
tual ervironmentsand electronicgameswheresuchmotionsmust
be computedautomatically While respondingafter aninteraction
hasreceved considerablattentionandis necessaryo upholdthe
physicalrealismof contactresultingfrom aninteraction,anticipa-
tory responséefole an interactionis animportantcomponenfor
makingcharactersippeailertto their ervironmentandconcerned
abouttheir own well-being. In this paper we introducea novel
techniquefor generatinganticipationthat selectsfrom a database
of possiblemotion captureexamplesof anticipationbasedon the
speci ¢ conditionsof animpendinginteraction.To accomplistthis
task,we emplgy a supervisedearningmethodwhich is trainedon
thebestanticipationto usefor agivenscenariccomputedy weigh-
ing the potentialdamagesustainedelative to the amountof effort
requiredto carryout a particularanticipatoryact.

As ourtestbedve focuson makinga characteanticipateandblock
athreatcomingfrom arangeof directions heights,andspeedsWe
focusourdomainon a charactervhich startsfrom anidle, standing
state(ratherthan anticipatinginteractionsstartingfrom ary arbi-
trary state.) However, we do not make ary assumptiongboutthe
actiities that the charactercando in regardsto anticipation. In-

stead,we adda large variety of anticipationclips (example$ to a
databaseincluding actionssuchastaking protectve steps,duck-
ing, or lifting a leg off the groundto protectagninsta threat. In

contrastto previous researciMetoyer et al. 2007]which builds a
model of anticipationdravn from psychology we rely on human
performancen the form of anticipationexamplesto producelife-

like anticipatoryactionsand focus our effort on the construction

Contactauthor:vbz@cs.ucedu

of areliablemethodfor automaticallyselectingwhich exampleto
employ basedon a trainedmodelof haw to minimize damageand
expendtheleastamountof enegy in doingso.

2 Related Work

Several researcherdiave introducedtechniquesthat generatere-

sponsedor motion capture-dwen charactergeactingto unfore-
seerin uences[OshitaandMakinouchi2001;ZordanandHodgins
2002;Yin et al. 2003; Shapiroet al. 2003; Mandel 2004; Zordan
et al. 2005; Arikan et al. 2005; Komuraet al. 2005]. In general,
previousmethoddor respondindo aninteractiontake into account
the physical componentgelatedto the impact, eitherin the form

of a simulatedcollision, asin [Faloutsoset al. 2001; Zordanand
Hodgins2002; Mandel 2004; Zordanet al. 2005], or by modify-

ing dynamicparameter®f the charactemotion, suchasjoint ve-

locities [Oshitaand Makinouchi2001; Arikan et al. 2005] or mo-

mentum[Komuraet al. 2004; Komuraet al. 2005]. The resultof

creatingthesekinds of changeds charactemotion that givesthe
impressiorof 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 useinsightsdravn from psychological
literatureto infer the properbehaior mechanismgo emplg for
anticipatoryaction and develop heuristicrules that are consistent
with psychologicalndings. Our previous resultsincludedantici-
patingimpactsto the headand upperbody In contrast,here,we
employ examplesof anticipationtakenfrom motion capturewhich
aremorenatural-looking.In addition,we introducea novel mecha-
nismfor learningthe conditionsleadingup to aninteractionbased
on a measureof expecteddamageand usesupervisedearningto
choosehebestanticipationactionfor a givensituation.
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Figurel: System o w diagram

3 Overview

Our systemcombinesa selectionroutine,which decidesthe antic-
ipation actionto employ from a library of examples,with anin-
terpolationsynthesisstepwhich blendsfrom the currentmotionto
the anticipationmotion, taking into accountbalance. The selec-
tion routine usesa SupportVector Machine(SVM) to choosethe
bestanticipationaction basedon information provided aboutthe
upcominginteraction. In anof ine processwe train the SVM to
classify using a specializedoerformancendex which weighsthe
expecteddamageagainstthe amountof enegy expended.At run-
time, the SVM classi estheinput conditionsandpasseshe antic-
ipation motion exampleclip to the interpolationsynthesigprocess



for balanceadjustmentand blending. Following the system o w
diagramin Figurel, we assuméhecharactestartsin idle standing
balancg(upperleft.) Whenaninteraction(or threat)is recognized,
the systemselectsthe anticipatoryclip to employ usingthe SVM.
Next, in theinterpolationsynthesistep,atransitionto the example
motionis generatedmakingadjustments$o balanceby controlling
the centerof massacrossthe transition. After the anticipationis
complete we computea dynamicresponsg¢Zordanet al. 2005] if
thereis contactand nally returnto theidling motionwith a nal
blend.

4 Assessing damage

Oneimportantquestionwveraisein this researchs whatis thefunc-
tionaleffectof anticipatoryaction.Unlike Metoyeretal.[2007],we
attemptto answetthis questionrasa meangor assessingowto an-
ticipate a given scenaricautomatically We do this by quantifying
the effect an anticipationhason a giveninteractionaccordingto a
predicteddamageassessmenilo assesshe succes®f a particular
anticipationfrom our databasédor a given scenariowe simulatea
versionof the interaction,including the anticipationto be tested,
and measurehe amountof “damage”the charactersustains. By
simulatingseveral suchwhat-if scenariosye cancomparea num-
ber of anticipationactionsfor a giventestinteraction.In doingso,
we canmake a conclusve statemenaboutthe bestanticipationac-
tion to take from our anticipationdatabasaccordingo ourdamage
assessmentin practice,it is impracticalto run mary simulations
before selectingthe anticipation,especiallyin an interactve set-
ting, suchasa virtual ervironmentor electronicgame. Insteadwe
usethis simulationprocesgo producea training setover which to
learntheboundsof speci c characteristic¢featuresyhatwill make
aparticularanticipationsuccessfubver another
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Figure2: Vulnerability diagram by body part

The proposedlamageametricis a key elementin the successf our
approach. In particular we assesslamagebasedon the amount
of impulse appliedto different body parts, wherethe sensitvity
to damageis assignedas a weight accordingto the vulnerability
diagramshown in Figure 2. Basedon this weighting, a small to
moderateémpulseto the lower armwill causeess“damage”than
similar or largerimpulseappliedto the chest.In mary casesgcon-
tactis madewith several partsof the body and eachcontritute to
theamountof damageassignedo a givenscenarioWhile damage
aloneis enougho rankanticipationactionsjt doesnotdifferentiate
betweera dramaticleapanda subtleleanwhich both may prevent
contactfrom a potentialblow. Thus,in additionto damageye add
asecondermto our assessmenthich accountdor the amountof
work or enegy neededo achie/e a given anticipation. With this
term,the metric candifferentiatethe leanfrom the leapandwould
give preferenceo theleanif thedamageaverecomparablébecause
thework/enegy requiredwould be muchless.)

To relatethe raw damageandenegy terms,we introducea single
weightingvalue,h, whichwe referto asthe“brawn” factorbecause

it dictateshow muchpainacharacteis willing to sustainbasecon
how mucheffort (work) the characteis willing to expendto avoid
that pain. And we cansummarizeour damageassessmennetric
by combiningthetermsassuch:

damage= § (1 h)vili+ hw) @)
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whereB = f 1;:::;mg for mbodiesy is thevulnerabilityrating(Fig-
ure2.) Eachbody'simpulse,l =  Fgtemaldt, is computedor all
simulatedcontactforcesfelt by that body in the speci ¢ simula-
tion of the given jgteraction.We computethe mechanicatork for
eachbody W = FintemaldS, from the motiontraceS takenfrom
the anticipationexampleclip andFintemal basedon body masses-
timatestimesacceleratiorcomputednumericallyfrom the motion
trace. While this termis not an accuratameasuref the actualen-
ey exertedby the humaniit is a very reasonabléndicatorof the
relative amountof enegy presentin eachexamplemotion. Note,
the work termsonly needto be computedoncefor eachactionin
the databaseThe brawn h is usedto normalizethe maximumex-
pectedvalueof thework termto thatof theimpulseterm. Also, this
factorprovidesa singleintuitive numberfor the animatorto tune.
We setthevalueto 0.1for all of our resultsin this paper

5 Supervised learning

We employ a SupportVectorMachine(SVM) [Boseret al. 2002]
to classifytheconditionsleadingupto aninteractionandselecthe
speci ¢ anticipationactionfrom our databaseThe SVM works by
trainingin an of ine processandthen performsselectionquickly
duringruntime.We useSVM to selectamongpossibleanticipation
actionsbasedon speci ¢ conditions(or featuressampledvhenan
impendinginteractionis (supposedlyfyecognizedy the character
Our SVM s built from training datathat bindsthe featuresof an
interactionwith the bestanticipationexampleto employ according
to ourdamagemetric.

Intuitively, SVM works by nding partitionsin the spaceof input
data. Formally, SVM is usedto t functionswhich maximize
the error magin betweensamplesfound in a training set. Let
T = f(xq;a1);:::5(x; a;)g be a setof training obsenationswhere
X 2 Ry arethe samplesof the featurevector with n dimensions
and a; arethe correspondingnticipatoryactions(labels)chosen
to bebestby exhaustve searchThe SVM is createddy solvingthe
following optimizationproblem[Boseretal. 2002]:

MiNypyx W W+ Ca L X
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Training examples of feature vectors, x;, are mappedto a
multi-dimensional spacewith separatingpartitions found with
maximal mawmgins by varying weights, w, and probability es-
timates, b. Cost C > 0 is a weighting penalty for errors
termsx. f(x)” f(x;) is de ned to be kernel function K(x;; xj)
and, for our purposes,we a use polynomial kernel K(x;; xj) =
(96 xj + t)4;g> 0 with gt;d as userde ned kernel parame-
ters. In our implementation,we emplo/ed the library LibSVM
) which in-
cludesusefuldefaultsfor theuserde nedterms.

We chooseSVM overotherapproachesuchasK-nearesteighbor
(KNN), becausef the speedf predictiongiventhe compleity of
ourtrainingvector While KNN canbe spedup usingspatialparti-
tioning, thelargerthedimensiorthe moredif cult it is too partition
effectively (in orderto beefcient in nding closeneighborexam-
ples.) SVM, in contrast, nds the partition automaticallyand, at
run-time,is very fastto compute- which is importantfor real-time



applicationssuchasgamesandvirtual ervironments.In addition,
Faloutsostal.[2001]employ SVMsfor characteanimationin the
trainingof preconditiongor variousbehaior controllersandwhile
his problemis different,he reportshigheraccurag for SVM over
KNN for his application.
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Figure3: Training o w diagram

Training. For eachobsenationaddedo thetraining setwe follow
the o w diagramin Figure3. Thatis, to computea singleobsena-
tion thesystensimulateghetestinteractionin turnfor eachmotion
examplein theanticipationrepository assessinthedamagemetric
andkeepingtrack of the bestactionto take basedon the minimum
damagédrom all the simulations We run this procesgrom random
startingpoints,i.e. by varying the threatand characterstatefor
eachtestinteraction.While it is too slow to run suchanexhaustie
search(includingmary simulatednteractionspnline,thistraining
is doneof ine andonly onceperdatabase.

Our featurevectoris a hand-selectedet of characteristicdaken

from the testinteractionat the time the characterrecognizesthe
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 useasinput for initializing the ball threat: the expectedtime

to impactandthe taget body part. While this information could

be computedby predictingthe ball's pathof travel and nding the
intersectiorbetweerthattrajectoryandthe charactess movement,
we preemptthis predictionandprovide the datadirectly to ensure
the informationis accurate. Finally, we encapsulatéhe stateof

the charactein the featurevectorsimply, with a lookaheadof the
global positionandfacingdirectionfor the predictedtime of con-
tact.

6 Balance Adjustment

To generateanimationgiven the anticipationaction,we proposea
simplebut effective interpolationsynthesigechniquethataccounts
for balance. The problemhereis to concatenatéhe motion the
characteis currentlyfollowing with the anticipationmotionin the
example. To be successfulthe transitionshouldnot introduceary
unwantedartifacts. Themoststraightforvardsolutionis to alignthe
anticipationmotionglobally to the charactess currentpositionand
facingdirectionandthento blendthe root positionandorientation
aswell asthe joint angles. However, this would likely introduce
unnaturafoot sliding sincethereis no guarante¢hatthefeetarein
thesamecon guration beforeandafterthetransition.

To overcomethis issue,we apply a balanceadjustmenstep. Our
speci ¢ routineis somavhatrelatedto previousapproachefor bal-
ance ltering [Tak et al. 2000; Metoyer et al. 2007] but is unique
becauseve approximatea purposefulveightshift. Thatis, thesys-
temshiftstheweightto onefoot, basedn thefoot in theanticipa-
tion examplethatis carryingmoreof theweight. Then,we usethe
newly selectedsupportfoot” asthe x edrootpositionfor blending
andusetheinversekinematics(IK) routinedescribedby Metoyer

etal. on the otherleg to keepthe foot on the ground. The goal
is to male the characteteanin the directionof onefoot andslide
the otherfoot into place- theeffectis a quick adjustmenbf weight
thatis largely imperceptibleand, we believe, quite naturalfor sit-

uationswheredoublesupportis followed by a sudderanticipatory
movement.

To accomplistbalanceadjustmentpur algorithmmovesthe center
of masssmoothlytowardthe supportfoot, runninganoptimization
step(BFGS)to placethepelvis,andusinglK to repositionthelegs
while keepingthefeet x ed. With the centerof massover the sup-
portfoot, the systenperformsthe blendto the selectedexampleby
aligning the supportfoot in the example motion with the current
motion. During blending,the centerof massis returnedsmoothly
to theunmodi ed positionfor the anticipationexample. While we
do not move the non-supporfoot explicitly in the balanceadjust-
mentprocessthe weightis shiftedto the foot which is usedasthe
( x ed)rootfor theinterpolationblend,andthe non-supporfoot is

thereforeallowed to move asthe blendtakes place. We found it

importantfor visual quality to uselK on the non-supporteg and
keepthefoot ontheground,bothavoiding lifting thefoot andfrom

potentiallypassinghroughthe ground.

7 Implementation and results

To realizeour approachwe hadto malke several engineeringand
designdecisionsncluding how to constructour databasendhow
to implementthe variouscomponentsFor our anticipationlibrary,
we include a setof exampleswhich we capturemethodicallyas
blocksandanticipationsprotectingfrom several directions tamget-
ing variousareaf thebody(legs,pelvis,trunk,head)andwith two
varying degreesmild andexaggeratedIn the capture the subject
wasasledto imagineathreatapproachindgrom eachof eightdirec-
tions. To ensurehatthedirectionswereconsistentaseconcperson
stoodoutsideof thecaptureregion andactedout athrowing motion
to cuethe subject.After eachdirection,the subjectresetto ahome
positionandthe “thrower' moved to the next locationin prepara-
tion for the next direction. In total, we include sixty examplesof
anticipationwhich aresgmentedandmirrored(left-to-right) total-
ing 120in the nal repository

Ourobsenationsetfor trainingthe SVM includedover 8200exam-
plesto producepleasingresults- computedn about60 cpu hours
on modernprocessorsThe simulationof interactionsfor training
calculatedmpulsesusing a tracking controller[Zordanand Hod-
gins 2002] and an ODE physical simulation (see www.ode.og)
with ODE's collision handler Evenwith this mary examples,in-
frequentlythe SVM would choosaundesirableesults.To minimize
pathologicalnticipationssuchasa lucky dodgeof the headwhich
resultsfrom ablock usingthelegs, we applya maskto thetraining
datawhich limits the anticipationghataretestedo thosetamgeting
aspeci ¢ bodypartor its immediateneighbor

To createthe animationsshavn in the video, our systeminterpo-
latesto the anticipationexampleby “slerp'-ing quaternionswith
a simpleease-in/ease-0(EIEO) time-basedveightingacrossthe
transition.With theblendedmotionto theanticipationin place the
interactionitself is nally computed.If theinteractionresultsin a
contact(e.g.the SVM did not choosean anticipationthatdodgesa
ball completely) we incorporatea versionof Zordanetal.s [2005]
techniquefor respondingo unpredictedmpacts. This subsystem
utilizes the ODE simulationto reactphysically to collision forces
andthengenerates smoothtransitionby interpolatingbetweerthe
anticipationandsimulatedmotion. After a shortduration,the sim-
ulation is blendedbackto the idle behaior or, at the animators
discretion to areactionexampleasdescribedn theoriginalimple-
mentation.

Results.We shav in theaccompaying videoavariety of examples
(SeeFigure4) wherethe characteis ableto successfullydodgean



Figure4: Animation Imstrips. Two examplesof anticipation from our system(view left to right).

incomingball aswell asbelievably anticipateandphysically react
to threatswhich the characteris unableto avoid completely In
additionwe shav a setof animationswherewe make othermod-
i cations to testthe limits of the system,namely: we modify the
startingstateto begin from a ghting motiontakenfrom a different
source(actor);andwe addanexamplewherethedynamicresponse
returnsto a new reactionexample. The dynamicresponses too
slow for real-timecurrently but withoutit, the systenrunsinterac-
tively usingan AMD Athlon64 CPU with 2 Gigabytesof memory
(with hardwarerendering.)

8 Conclusions

In thispaperwe presenainapproactor generatin@nticipationus-
ing humanmotion captureexamples We employ supervisedearn-
ing to selectthe examplebasecdon the given scenaricandtrain our
learneron obsenationswheredamageandenegy arefactorsin de-
termining the most suitableanticipationfor the conditionsof the
scenario.To limit our scope,we focusour attentionon a speci ¢
testbedvherea standingcharacterespondso athreatapproaching
from avariety of trajectories.

As describedtherearea numberof limitationswith our currentap-
proach.Foremostwe assumehatthe characters startingin stand-
ing balanceandwhile we do allow the charactes stateto vary, the
rangeof startingstatesor mostof our animationsds fairly narrow.
This issueis dueto the fact that the anticipationwe generatds
computedusinginterpolationsynthesisandto generalizeo alarger
setof startingstateswe would needto improve this componenof
the systemin orderto upholdthe quality of the motion generated.
Regardlesspurcontributionsfor damagessessmemindfastselec-
tion usingSVM will likely bebene cial for moregeneralkystems.
In addition,in someanimationsthe charactemappearsomnipotent
or "superhuman."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 expectedsensitvity of differentbody partsis
drasticallydifferent.

Evenwith theselimitations, this work represents large stepfor-

wardin the stateof theartfor automaticallygeneratinganticipation
actionfor charactersand we look forward to further advancesin

this exciting topicin the nearfuture.
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