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Figure1 Top: SimpleinputanimationdepictinghopscotcHa popularchild gameconsistingof hops,broadjumpsanda spinjump). Bottom: Synthesizedealistic

hopscotchanimation.

Abstract

In this paperwe presenta generaimethodfor rapid prototypingof
realisticcharactemotion. We solve for the naturalmotionfrom a
simpleanimationprovided by theanimator Our framework canbe
usedto producerelatively comple realisticmotionwith little user
effort.

We describea novel constraindetectiormethodthatautomatically
determinedifferentconstraintson the charactetby analyzingthe
input motion. We shaw that realistic motion can be achieved by
enforcinga small setof linearandangularmomentumconstraints.
This simpli ed approachhelpsus avoid the compleities of com-
putingmuscleforces.Simplerdynamicconstraintsalsoallow usto
generat@animationof modelswith greatercompleity, performing
moreintricate motions. Finally, we shav that by learninga small
setof key parametershatdescribea characteposewe canhelpa
non-skilledanimatorrapidly createrealisticcharactemotion.

CR Categories: 1.3.7 [Computer Graphics]: Three-DimensionalGraphicsand
Realism—Animation;

Keywords: Animation,Animationw/ConstraintsPhysically BasedAnimation,Phys-
ically BasedModeling,Motion TransformationSpacetimeConstraints

1 Intro duction

Generatingealistic characteranimationremainsone of the great
challengesn computergraphics. To appearrealistic, a character
motion needsto satisfy the laws of physics, and stay within the
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spaceof naturally occurringmovements. Simulatedhumanmod-
els canmove their musclesin mary differentwaysto accomplish
the sametask,but only a smallsubsebf thesemotionsappearse-
alistic. Creatingsuchnaturalmodelsof motion hasprovento be
anextremelydif cult task,especiallyfor characterascomplex as
humans.

Complex modelsof charactedynamicsarealsodif cult to control.
Computingthe correctdynamicsrequiresan extensive mathemati-
calinfrastructurethatoften hindersartistic expressieness.On the
otherhand,grantingmorecontrolto animatorgrovidesgreaterex-
pressve freedomoftenat the costof realismbecausé¢he burdenof
beingphysically correctfalls into theanimators’hands.

An idealrealisticcharacteanimationsystenshouldbeableto syn-
thesizenaturalmotionof arbitrarycharactersand,atthesametime,
provide the expressie power of keyframing. Furthermorethe sys-
tem shouldallow non-skilled usersto createrealistic animations
easilywith minimal training. This paperstrivesto make a stepin
thatdirection. We presenta novel approachor rapid prototyping
of realisticcharactemotion. We focuson the synthesiof highly
dynamicmovementsuchasjumping, kicking, running,and gym-
nastics Lessenegetic motionssuchaswalking or reachingarenot
addresseth this paper Our systemcould be usedby both experts
andnon-skilledanimatorsalike.

Theanimator rst createsa roughsketchof the desiredanimation.
Fromthisinitial simpleanimationthe systeminfersenvironmental
constrainton the charactemotion (e.g.footsteps) We choosenot
to usethefull characteformulationof dynamics.In fact,we avoid

solving for muscleforcesaltogether Instead,we focuson deter

mining more fundamentabpropertiesof realistic, highly dynamic
motionandtry to presere thesefeatureghroughouthe procesf

animation. In particular our systemextractsthe generalpatterns
of linear and angularmomentumtransferduring dynamicmotion

andtries to presere thesepatternsduring animation. We askthe
animatorto fully specifya small setof speci c keyframes. Since
our target usersare animatorsof all skilled levels, our systemcan
alsomake suggestionor eachof thosekeyframes.Finally, thean-
imatorcan ne-tune the motionby specifyingadditionalkeyframes
arywherein the motionsequence.

Therestof thepaperdescribe®urapproachn moredetail. In Sec-
tion 2, we discussrelatedwork. Section3 givesa shortoverviev



of our motion synthesisapproach. Subsequensectionsdescribe
variousaspectof our algorithmsin moredetail. In Section9, we
describea collectionof exampleanimationsgeneratedy our sys-
tem. Sectionl0 summarizesur contritutionsandoutlinespossible
futureresearchdirections.

2 Related work

Synthesisof naturalmotion hasits rootsin a variety of research
areagrangingfrom roboticsand spacetimeoptimizationto biome-
chanicsandkinesiology

Robotcontrollersimulationhasbeensuccessfullyappliedto thedo-

main of realisticcomputeranimation[Raibertand Hodgins1991;

van de Panneet al. 1994; van de Panneand Fiume 1993; Hod-

gins 1998]. Controllersdrive actuatorforcesbasedon the current
stateof the ervironment.Actuatorforces,throughsimulation,pro-

ducerealisticmotion. Oncethe controllershave been ne-tuned

and synchronizedo eachother a wide rangeof realistic anima-
tions canbe producedrangingfrom humanrunning,diving [Hod-

ginsetal. 1995],leapingandvaulting [Wooten1998],to motion of

non-humarcharacter§vandePanneetal. 1994;Laszloetal. 2000;

Torkos and van de Panne1998]. Although therehave beensome
recentpromisingadwancestowardsautomaticcontroller synthesis
[HodginsandPollardAugust1997;Faloutsoetal. 2001],creating
controllersfor a giventaskremainsa dif cult processin addition,

simulatedrobotcontrollersdo notexposesufcient controlto allow

for expressve animations.

A numberof researchersake the approachof modelingphysical
behaior on simplermachinesjnsteadof full complex characters
[Torkosandvan de Pannel998; Popwit andWitkin 1999;vande
Panne1997; Pollard 1999; Discreetn. d.; Bruderlin and Calvert
1989]. In thesemethodsthe physically modeledmotion of simple
machiness mappedntothefull characterOur simpli ed physics
constraintsare in partinspiredby the idea that simpler physical
modelscanapproximatehe behaior of morecomplex models.In
contrastto the approachdescribedby Popwi€ [1999], we do not
simplify the character nor do we computefull dynamicsof the
simpli ed characterinsteadwe computesigni cantly simplermo-
mentumconstraintglirectly onthe complex characterSimplerand
moregeneraldynamicsconstraintsallow usto synthesizeealistic
motionstartingfrom highly unrealisticmotion.

The spacetimeconstraintsframevork, in contrastto simulation,
caststhe motion synthesidnto a variationaloptimizationproblem
[Witkin andKass1988; Cohen1992;Liu et al. 1994; Roseet al.
1996]. Theanimatorspeci esanobjective functionthatis a metric
of performanceor style (e.g.total power consumptiorof all of the
charactes muscles).The algorithmminimizesthe objective func-
tion while satisfyingthe poseand Newtonian physics constraints
acrossall animationframes. Optimal enegy movementand in-
tuitive control give this methodgreatappeal. Unfortunately for
comple characterghe Newtonian physics constraintsare highly
nonlineay preventingthe spacetimeoptimizationfrom corverging
to a solution. Spacetimeconstraintsare also highly sensitve to
the startingpositionof the optimization— if theinitial stateis far
away from the solution, the optimizationoften doesnot corverge.
To date thesedrawbackspreventspacetimesonstraintdrom being
usedin generatingcomplex charactemotion. Our framework uses
spacetimeonstrainbptimization,but we circumventits dravbacks
by choosinga simplersetof dynamicsconstraints.

Realisticmotion canalsobe obtaineddirectly from the real world.
Recentlyanumberof methoddgor editingmotioncapturedatahave
beenproposedWitkin andPopwi¢ 1995;BruderlinandWilliams
1995; Gleicher 1998; Gleicher1997; Gleicherand Litwinowicz
1998; Roseet al. 1998; Gleicher2001; Lee and Shin 1999; Shin
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et al. 2001}, including a few thattry to presere physical proper
ties of the motion [Popovic andWitkin 1999; PollardandReitsma
2001; PollardandBehmaram-Mosaat 2000; ZordanandHodgins
1999]. In general thesemethodsproducemotionthatdoesnot de-
viatesigni cantly from theinput motion. Motion editingtoolsrely
on the existenceof capturedmotionthatis similar to whatthe ani-
matorintendsto create.Also, it is inherentlydif cult to introduce
new expressve contentinto theanimationssincemosteditingtools
aredesignedo presere the original motionfeatures.

Researctin biomechanicendkinesiologyprovidesa greatsource
of information on the kinematic and dynamic behaiors of ani-

mals[Blickhan 1999; Hull 1991; Yeadon1990; Alexander1990;
Alexander1989; Pandyet al. 1990]. Their analysisof groundand
ight stageshelpedus in designingrealistic motion constraints.
Blickhan and Full [1993] demonstratéhe similarity in the multi-

leggedlocomotionof kinematicallydifferentanimals. They shav

striking similarities betweena humanrun, a horserun and the
monopodbounce(i.e. pogo-stick). This similarity motivatesour

approachof nding theleastcommondenominatofor avariedset
of dynamicmotions.

Our motion sketching approachto synthesizingmotion was in-
spiredby the effectivenesf Igarashis sketchinginterfacefor 3d
free-formdesign[1999], andthe work on sketchingrealisticrigid-
bodymotion[Popuwit etal. 2000].

3 Overview

Our systemtransformssimple animationsinto realistic character
motion by applyinglaws of physicsandthe biomechanicglomain
knowledge.Theinputto our systemconsistof anarticulatedchar
acterwith its masdistribution, andanarbitrarycharacteanimation
containingvaluesof joint anglesonthecharacteateachframe. An-
imatorsarefreeto provide input animationswith anarbitrarylevel
of detail. In all of our exampleswe startedwith roughlow-quality
animations.Figure 1 shavs a synthesizedealistichopscotchmo-
tion andits original simpleanimation.

We framethe motion synthesigproblemasa spacetimeoptimiza-
tion. The unknavnsto this problemincludethe valuesof joint an-
glesateachframe,alongwith parameterthatdetermineghebeha-
ior of angularandlinear momentum.The entire synthesigprocess
breaksdown to four key stagegsee gure 2):

Constraint and stagedetection. Automatically detect ernviron-
ment constraintsthat correspondto userintendedmotions,
and separatehe original motion sequencento constrained
andunconstrainedtages.

Transition posegeneration. Establishtransition posesbetween
constrainedindunconstrainednimationstages.

Momentum control. Generatephysical constraintsaccordingto
the Newtonianlaws andthe biomechanic&nowledge.
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Figure 3 Positionalconstrainttypes: (a) A single positionalconstrainton a
toe, (b) a line positionalconstrainton the front of the foot, and (c) a plane
positionalconstraint.The greenarrows indicatethe free motionrange.

7

Figure4 Left: A x ed-pointpositionalconstraintoccursat the intersection
of threelinesrepresentinghe solutionsfor thelinearsystemsf threeconsec-
utive animationframes.Right: A x ed-linepositionalconstrainoccursatthe
intersectiorof threeplanes.

Objective function generation. Constructthe objective function
thatfavorsmotionthatis smooth similar to theinput motion,
andbalancedvhenstationary

Eachstagemprovesspeci c aspect®f theinputmotionsequences
by introducing constraintsor objective function componentsto
the spacetimeoptimization problem. We then use a sequential
quadraticprogrammingmethodto nd the optimal animation. In
the subsequerdectionsve describeeachof thesestepsn detail.

4 Constraints and stage detection

Fromthe standpoinif a user eachinput motion sequencesimply
compriseswo parts:thepartthatneeddo beimprovedandthepart
thatneeddgo bekeptintact. For example ausermightwishthatthe
handsof the characteistay stationaryon a high barwhile our sys-
temmalkestherestof themotionlook realistic( gure 8). Moreover,

usersusuallyrequirea numberof ervironmentalrestrictionson the
movementof the character For example,the feet shouldalways
remainabore the ground. Violating theserestrictionsmodi es the
semanticof the animationthatthe usercorveyedin the input an-
imation. We representheseervironmentalrestrictionswith posi-
tional and sliding constraints. Sincethe rough sketch animation
doesnot explicitly containtheserequirement$rom users,our sys-
temautomaticallyextractstheconstraintsrom theinputmotion. In

this sectionwe presentanalgorithmthatautomaticallydetectgo-

sitionalandsliding constraintdrom the original motionsequence.

4.1 Positional constraints detection

A positionalconstraint x esa speci ¢ point on the characteito a
stationarylocationfor a periodof time. For example,whenachar
acters heeltouchesthe groundat landing, a positionalconstraint
occurson the heelacrossa numberof frames.Violating positional
constraintdrequentlycausesindesirablartifactssuchasfeetslid-
ing or penetratingheground.

To detectpositionalconstraintswe needto nd all pointson the
body thatstay x edin spacefor someperiod of time. We would
alsolik e to determinef thesepointsareisolatedin spaceor if they

lie onaline or aplanein orderto detectconstraintsata ner gran-
ularity (gure 3). For example,whenthe charactettakes off in a
jumping motion, a planeof positionalconstrainton the bottomof
thefoot is detectedrst, followedby asinglepoint constraintvhen
the charactetransferdrom standingon the entirefoot to beingon
its toes.

Becauseeachbody partof the characteis arigid body, we reduce
theproblemof nding theconstrainegbointsonthewholecharacter
to nding constrainedoointson eachbody part. To illustrate our
approachye describehe movementof a body point throughtime.
Let W, be the matrix thattransformsa point in alocal coordinate
framep to its world positionx; attimei, or

X = W;p: ()

At timei+ 1, p will betransformedo W;, W, 1Wip. We then
de ne

Ti1= Wi Wi 5 )

asthetransformatiorthatbringsx; to x;, ;. A positionalconstraint
onp fromtime 1 to time nimpliesthatT, throughT all bringp to
thesameglobal positionor

or (T, Dx=0; 3
fori = 1:::n. Thesolutionfor eachtimei is the eigervectorfor

T, correspondingo the unit eigervalue. BecauseT; is an afne
matrix, it canbewritten as

B b
Ti: i 1| (4)
sothatwe canreformulateequation(3) asalinearsystem
@ D= b (5)

The linear systemin equation(5) is not always consistentso we
solveit in aleast-squaresenseDependingon therank of (11’i 1),
the solutionfor eachtime i canberepresentedsa point, aline or
aplane.

If theintersectiorof the geometriesepresenting, throughXn, X,
exists andfalls on the body, thenwe de ne a constraintthat x es
p to X. In otherwords, we establishposition constraintswhere
thereexistsacollectionof pointsthatremainsstationaryoveratime
periodl1:::n( gure 4).

Our algorithmcanbe ne-tuned by modifying following parame-
ters:

Minimal framesrequired(n) Theintersectiorhasto exist across
atleastn framesto be considered positionalconstraint.

Toleranceof intersections(e) Two solutionsareconsiderednter
sectingif thedistancebetweerthemis lessthane.

Constrainable body parts Constraintetections performedonly
onasubsebf bodypartswhereusersareinterestedn nding
positionalconstraints.This is usefulwhenwe wantto detect
constraintonly on speci ¢ body partsin the casewhenthe
entirecharactestandsstill.



4.2 Sliding constraints

Sliding constraint@reageneralizatiomf positionalconstraintsin-
steadof xing apointonthecharacteto asingleworld coordinate,
a sliding constraintimits the point's motionto a particularline or
planein world space For example,a gure skateris freeto change
thelocationof thefoot ontheice aslong asit slidesalongthesame
line. Thus,we needto solve for both the constrainedody points
andtheline or planeto which they areconstrained.

We describethe algorithmfor nding aline constraint. The plane
constrainis computedanalogouslyWe wantto nd abodypointp

thatis constrainedo aline |. Insteadof establishinga closed-form
solution, we constructa least-squareproblem, where unknovns
aretheparametersor p andl

min, é Dist(T,W;p; 1) (6)

In otherwords, we minimize the sumof distancesbetweenthe x;
andline | ateachframei.

Becausdhe de nition of a planesliding constraintsubsumedine
sliding constraintsanda line sliding constraintsubsumes point
constraintwe performour constraintdetectionin the orderof de-
creasingestriction.Firstwe solve for positionconstraintandthen
line sliding constraintsand nally planesliding constraints.

Although we tried to designour constraintdetectionto be asgen-
eral aspossible,in practicethe rough sketchmotionis rarely de-
tailedenoughto beableto nd theexactlocationof the constraint.
For example, the animatoroften leaves the entire characterstatic
during the time whencharacteiis on the ground. In that case our
constraintdetectionwould nd constraintson eachbody part. In

thosesituationswe allow theanimatorto selectspeci ¢ bodyparts
that shouldbe testedfor constraints.For example,we only select
the feet of the charactetto be detectedn the hopscotchexample.
This approachwould also not fare well on extremely noisy data
suchaspoorquality motioncapture.

4.3 Stage detection

Giventhelist of detectedconstraintsthe systemseparatetheorig-
inal animationinto unconstrained ight) andconstrainedground)
stages. We draw the distinction betweenunconstrainecénd con-
strainedstageshecausehe physicsand biomechanicsulesin the
air aredifferentfrom thoseontheground.Duringtheunconstrained
stagegravity is theonly externalforceactinguponthecharacter

5 Transition poses

A transitionposeseparategonstrainecand unconstrainedgtages.
We askanimatorgto specifythesespeci ¢ posesbecausall other

non-transitionframesare more directly controlledby the realism

constraintsTransitionposeslsotendto beinterestingrom thean-

imator's perspectie. Thefollowing two sectionslescribealearned
estimatorthatsuggests poseat eachtransitionframe.We alsode-

scribea setof toolsthatallow usersto positionthe characteat the

phaseransitions.

5.1 Suggesting learned poses

Our poseestimatorpredictsposesat transition framesbasedon
the input motion sequenceThe estimatoris a K-nearesneighbor
(KNN) algorithm. Thetraining consistsof storinga speci ¢ setof
parameteraboutthetransitionposedor eachexamplemotion. The
examplescanbe generatedy the animatorsor capturedrom real
world. We alsoincrementallyupdatethe databaséy insertingmo-
tionsasthey arespeci ed by theuserduringtheanimationprocess.

<W>
H (Mo
qlf
D

Figure 5 Left: The input parameterof a training examplein the motion
databasénclude ight distancgD), ight height(H), previous ight distance
(DY), takeof angle(q), landingangle(f ), spinangle(w), feetspeedat takeoft
(d, ) andlanding (h, h;), andhorizontalaveragespeed(v). Right: The
KNN algorithm selectsthe k most similar examplesbasedon the input pa-
rameterandoutputsasimpli ed representatioof acharacterThesimpli ed
representationonsistof centersof massfor thelower body (C,), upperbody
(Cy), andarms(Cy,), all relative to the centerof support(ps).

w)

Thetraininginput parameterinclude ight distance,ight height,
previous ight distance takeoff angle,landingangle,spin angle,
foot speedat takeoff and landing, and averagehorizontal speed
(gure 5). To computean appropriatedistancebetweentraining
exampleswe scaleeachinput parameteby its naturalbounds.The
estimatompredictsasimpli ed representationof thetransitionposes
atthe constrainteleasgtakeof) andconstraintcreation(landing).
For eachpose,the characteristic®f the target motion mustmatch
the prediction. The outputrepresentatiortonsistsof three mass
points: centerof masg COM) of thelower body, COM of theupper
body, andCOM of two arms( gure 5). Thelocationsof massoints
arestoredrelative to charactes centerof support. This makesour
parameterizatiomvariantof the globaltransformation.

To predicta candidateposefrom theinput, the KNN algorithmse-
lectsthe k mostsimilar examplesirom the motiondatabasé¢k = 3,

in our implementation). The estimatorcomputesthe candidate
pose,which consistsof the positionsof the threemasspoints, by

interpolatingthe poseof the selectecheighborsweightedby their

similaritiesto theinput.

Wereconstrucafull characteposefrom threemasspointsby solv-

ing aninversekinematicqIK) problem constraininghethreemass
pointsto valuesreturnedby KNN, while minimizing the deviation

betweerthe suggeste@ndoriginal poses.We settheinitial states
of theunknavn DOFsequivalentto the DOFsof theposedrom the

nearestraining-setexample,sothatthe solutionposekeepssome
plausibledetailsfrom the databasexamples.

Therearea numberof advantagedo estimatinga smallsetof pose
parameterslointangleshemselesarepoorestimatorof thepose
sincethey arenot uniformly scaled. Furthermorewith our repre-

sentationwe canusethe samemotion databaséo learnthe poses
of charactersvith drasticallydifferentskeletalstructuresWe usea

simpleformulato scalethe estimatedelative masspointspositions
to accommodate differentskeleton. Let C, be oneof character

A's COM output parametergrom the learningalgorithmand C
bethecorrespondingCOM for the default pose.Supposeve know
Cg, thecorrespondinglefault poseof anotherskeletalstructurewe
cancomputeCg asfollows:

kCgk,
kCk,

Cg=Cg+(Cy Cp )

Intuitively, we displacethecenterof masgparameteby therescaled
differencebetweenthe default and suggestegoseof the charac-



Figure6 Thegenerahngulamomentunpatterrmodeledafterbiomechanics
data. During the unconstrainedtage(left of p, andright of p,), theangular
momenturris constantDuring the constrainedtage(betweerp, andp,), the
curwe is smooth,p, is lowerthanp,, d, is lessthand,, andp, andp; areon
oppositesidesof p,.

ter in the database.We also found that this parameterizatioral-
lows usto learnposesrom a relatively small setof examples.We
useda databasef about50 motion capturedconstrainecand un-
constrainedsggmentsto synthesizeall of animationsdescribedn
Section9.

5.2 User pose adjustment

Becausehe estimatedposesdo not always meetthe needsof the

animation,we allow animatorgo directly modify transitionposes.
Ourposingtool givestheuserboth ne-grain andhigh-level control

of theposeeditprocessUserscandirectly modify thelearnedmass
pointsby draggingthemto a new location. The IK solver adjusts
the joint DOFsaccordingly For greatercontrol, the animatorcan
modify the transitionposedirectly. The usercanalso customize
the importanceof the similarity betweenthe currentposeand its

correspondingoosein the original sketch. By ne-tuning transi-
tion posesanimatorscanimpartexpressiorandstyleto the overall

motion.

Animatorsare alsofree to introducenewn keyframesarywherein
the animationto re ne more detailedaspectsof motion. How-
ever, whenan animatorcreatesoo mary of theseconstraintsthe
spacetimeptimizationproblembecome®ver-constrainedAt that
point,theanimatorhastheoptionof turningmomentunconstraints
into soft constraints.The optimizationhonorsall of the animators
constraintswhile trying to satisfysoft realismconstraintsasmuch
aspossible.Thisapproactprovidesgracefuldegradatiorof realism
in the eventthatthe animators keyframeposedorce the character
into unrealisticmovement.

6 Controlling the character momentum

The transition posesconstrainthe motion at a few key points of
theanimation.In a sensethey provide scafolding for the motion,
whereasdynamic constraintsensurerealistic motion during each
animationsegment. We achieve this realismby formulating con-
straintson the behaior of the charactes linear and angularmo-
mentum.We derive theseconstraint§rom the laws of physicsand
biomechanicslomainknowledge.

Linearmomenturmdetermineghe locationof COM at eachframe.
The computationof angularmomentuminvolves different body
partsandtheirmomentf inertiarelative to the centerof masgfor
computationof angularmomentumon anarticulatedcharacteisee
AppendixA). Theconstrainton linearandangulaTmomenturrare

differentfor unconstraine@ndconstrainedstagesandwe discuss
themseparately

6.1 Momentum during unconstrained stages

Sincegravity is theonly externalforce actingontheunconstrained
characterthefollowing equatiorholds

dP(q)=dt = mC(q) = mg; (8)

whereC is charactes centerof massandq arecharactes degrees
of freedom.

During ight thereareno externaltorquesactingon the character
sotheangularmomentunis constant

dL(qg)=dt = O: )

The spacetimeoptimizationenforcesthesetwo constraintsduring
an unconstrainedtage. Effectively, theseconstraintsensurethat
the centerof massfalls into a parabolictrajectoryand the joints
move in suchway that the angularmomentumof the whole body
remainsconstan{ gure 6).

6.2 Momentum during constrained stages

Unlike the unconstrainedtagewheregravity is the only external
forceactingon the characterthe momentumat a constrainedstage
resultsfrom a complex exchangeof enegy betweenthe character
andtheernvironmentconstraints\We would lik e to avoid computing
linearandangularmomenturmby complex physicalsimulation.In-
steadwe build anempiricalmodelfor the behaior of momentum
basedon biomechanicstudiegPandyetal. 1992;King 1999]and
the analysisof motion capturedata. We obsene thatthe momen-
tum during a constrainedstagehasa characteristicshapeshovn
in gure 6. The gure shaws a graphof an angularmomentum
componentduring a constrainedstagebetweentwo unconstrained
stagesNotethattheangulamomentunis constanturingthetwo
unconstrainedtages.

During the constrainedstage,the momentumtransfersfrom one
constantvalue to another Natural dynamicsystemsachieve this
transferby rst storing enegy (momentumdecreases)and then
releasingt in aburstwhich causes smallovershootat p,.

Thecharacteristipatternof thelinearmomenturris the samewith
the exceptionthatthe linearmomentunin the neighboringuncon-
strainedstageshasa slopemginsteadof 0.

Wetry to captureall aspect®f this curve by enforcingthefollowing
invariants:

the cunve is C'—continuousat transitionpoints p, andp,
p, is lessthanp,;
d, islargerthand,
p, andp, areon the oppositesidesof p,
Sincethe momentumpatternduring the constrainedstageis fully

determinedy thecontrolpointvectorqm = [p;; P,; P3; P,4], wefor-
mulatethe linearandangularmomentunconstraintas

P(9) = S(am) (10)
L(a) = Sa(am) 11

During optimizationwe solve for both g}, vectorsfor eachcon-
strainedstagej andg' for eachtime framei enforcingthe con-
straintsin equations3,9,10,11aswell astheinequalityconstraints
on g}, governingthe shapeof themomentuncunes.



7 Objective function

Themomentunrconstraintenforcerealismof themotionwhile de-

tectedconstraintsake into accountheuserintentandervironmen-
tal restrictions.However, naturallooking motionalsorequiresnat-

uraljoint movementssmoothnesacrossrames,andstaticbalance
during stationarypointsof the animation.We formulateeachasan

objective functioncomponent.

Minimum mass displacement. To achieve naturaljoint move-
ment, we use the minimum massdisplacemenimetric [Popovic
andWitkin 1999]. Insteadof comparingDOFsdirectly, this met-
ric computegheintegral of massdisplacementver the charactes
body Thismetricis looselyanalogouso themeasuremerdf power
consumption.Our resultsshov that minimum massdisplacement
presentdts own meritsin producingnaturallooking animations.
For example,the compressioron the body of the charactebefore
the unconstrainedtageswould not affect the lower body (knees,
especially)without the minimum massdisplacements an objec-
tive function. Withoutit, the charactetendsto bendat thewaistin
orderto lowerthe COM.

Minimal velocity of DOFs. Time coherenceplays a major
role in creatingvisually plausibleanimations. To accountfor the
smoothnesacrosdsrameswede ne anobjectivefunctionthatmin-
imizesthedeviation of eachDOF betweertwo consecutie frames,
effectively minimizing the velocity of eachjoint angleoverthe en-
tire animation.

Static balance. The static balanceis important during con-
strainedstagesvhenthecharacters standingstill [Tak etal. 2000].
We measurebalanceby the distancebetweenthe COM and con-
straintswhenprojectedontothe planenormalto gravity.

The spacetimeobjective function is a weightedsum of the three
objective components.

8 Putting it all together

All constraintsand the objective function t naturally within the
spacetimdramenork. Theunknavnsof our systemQ arethechar

acterDOFs(' for eachtime i andthe control point vectorsfor all

constrained-stagmomentumcurves g},. The optimizationneeds
to enforcethreetypesof constraints:

Environmentconstraints(Cg). Constraint detection producesa
collectionof userintendedconstraintghat partition the mo-
tion into constrainec&andunconstrainedtages.

Transition poseconstraints(Cp). Theseconstraintsverede ned
betweeneach motion phaseeither by our pose estimation
method,or explicitly by theuser

Momentum constraints(Cy). During both unconstrainedand
constrainedphaseswe dictate the behaior of the linear
andangularmomentumthroughconstraintsde ned in equa-
tions8,9,10,11.

The spacetimeconstraintformulation nds the unknavns Q that
minimizetheobjective functionwhile satisfyingall the constraints:

8
] < Ce(Q)=0

mind E(d')  subjectio Cp(Q) =0 (12)
Q Cm(Q)=0

9 Results

We usedour framework to generatea wide rangeof animationson
a male,femaleandchild gure, all of which comprise51 DOFs,
including 16 Euler rotations,3 translationsand 32 quaterniorro-
tations.We alsocreateda three-lggedcreaturewith 58 DOFs. In-
equalityconstraintenforceboundson eachDOF. We obtainedthe
bodydimensionsandmasddistributionsfrom the biomechanicéit-
eraturefde Leva 1996;Pearsalet al. 1994]. To startthe animation
processthe animatorcreatesa simpleanimationasaninputto the
synthesiprocessin somecasegheanimatoralsoselectgheparts
of thebodyto beusedfor constraintetectione.g.feetandhands).
Oncemotion phaseshave beendeterminedthe animatorcanalso
changetherelative timing betweeneachphase.In somecasesthe
animatoradjustedhe learnedtransitionposeso achieve a desired
effect. For the karate-kickanimation,the animatoralsocreatedan
additionalpose.

We solve our optimizationsusingSNOPT[Gill etal. 1996],agen-
eral nonlinearly-constrainedptimizationpackage.The optimiza-
tion timesdependon the durationof the motion sequenceAll of
the simple animationstook only a few minutesto sketch. For all
examplesthesynthesiprocesdook lessthan ve minutes.

Broad jump. We synthesized broadjump motionthat clearly
improves a crudeinput animationwhereonly global translations
of the character(3 out of 51 DOFs) are keyframed. The original
animationis createdby interpolatingonly 3 keyframesat takeoff,
peak,andlanding. Theappropriatanovementonthearmsandlegs
resultsfrom enforcingthe momentumconstraintsaandlearningthe
realistictransitionposes.

Twist jumps. Theinputmotionfor this sequenceonsistf two
jumps,eachwith a90 turn. Theoutputanimationshavstheprepa-
rationbeforeeachtake-off. Thecharactetwistsaway from theturn
to increasehe potentialenegy sothatit cangenerateenoughan-
gularmomentumat take-off to accomplisithe90 turn.

Hopscotch. Muchlikefor thebroadjump example theanimator
createdan animationof a popularchild game,consistingof hops,
broadjumpsanda spinjump. Eachhoponly requires3 keyframes,
eachof which hasfewer than 7 DOFs speci ed. This example
shavsthatour systenmcandealwith asymmetrianotionsby coordi-
natingdifferentpartsof bodyto accommodatéhe momentuncon-
straints.This examplealsodemonstratesmoothtransitionsamong
differenttypesof jump styles( gure 1).

Running. The input for the running motion sequenceequired
keyframing of 7 DOFs. Originally, the upperbody is completely
stiff sinceno upperbody DOFswerekeyframed. Theangularmo-
mentumconstraintcreatesa counterbody movementby the shoul-
dersandarmsto counteracthe angularmomentumgeneratedy
the legs. In the synthesizecanimationthe armsclearly twist to
countertheleg movement.

Handspring. We generateé roughsketchof anadwencechand-
spring motion on an uneven terrain (gure 7). This hazardous
movementof landing and jumping with armswould be dif cult
to capturein the real world. The constraintdetectorsuccessfully
nds constraintson both the feetandhands. Sincetherewereno
handstandsiithin thelearningexampledatabasethe animatorhad
to substantiallymodify the suggestedhandstandransitionsposes.
This exampledemonstratethatmomentunconstraintaregeneral
enoughto capturethe dynamicsof movementregardlessthe orien-
tationof themodel.



Figure7 A handspringnotion: simpleandsynthesize@nimation.

Figure8 A high-bargymnasticexercise:simpleandsynthesize@nimation.

Figure9 Jumpingonice-skatessimpleandsynthesizednimation.

Figure 10 Spinjump by athree-lggedcreaturesimpleandsynthesizednimation.



High-bar. Figure 8 shawvs a characterperforming a high-bar
gymnasticexercise. The two positional constraintson the hands
during barcontacttime createa “hanging” constrainedtage.The
constraintsof linear momentumand angular momentumapply
equally to the barcontactand the more common ground con-
strainedstage.

Skating. Thisexampledemonstratesliding constraindetection.
Themotionis similarto the180 spinjump, exceptthatthecharac-
terslidesasingleleg alongastraightline throughthetake-off phase
andlandingphase.The resultingmotion resemblesn ice-skating
gure (gure 9).

Karate kick. The karatekick animationwas createdby an in-
crementalsynthesisprocess. First the animatorcreateda simple
side-jumpanimation. The rst synthesispasscreateda realistic
sidejump. Theanimatorthenintroducedanadditionalkeyframeat
the peakof the jump indicatinga leg kick. The secondsynthesis
passcreatedhe nal karate-kickanimationby enforcingthe origi-
nal constraintaugmentedy the additionalmid- ight constraint.

Other humanoid characters. Ourframework canalsoanimate
charactersvith differentskeletalstructuresandmassdistributions.
We createda child charactemwhoselimbs are shorterand whose
torsois relatively larger Our algorithm successfullyscaleddown

the posedearnedfrom motion databaséo accommodate differ-

entskeletalstructure In anothelexample we removedtheleft knee
DOF of thecharacteandgenerate@ motionsequencef the twist

jumps. The charactehadto drasticallytwist the pelviswhile land-
ing to placethestiff leg onthe groundproperly

Non-humanoid characters. Our method also generalizesto
non-humanoictharactersWe createda strangethree-lggedcrea-
ture and synthesizedh numberof animationsexperimentingwith
variouslocomotiongaits. In gure 10 we shaw the creaturgump-
ing to thesideanddoinga 180 turnjump.

10 Conclusion and future work

In this paperwe presenta generaimethodfor rapid prototypingof

dynamiccharactemotion that could be usedby both expertsand
non-skilledanimators. Animatorscanuseour systemto produce
relatively complec realistic motion with little effort on behalf of

the animator Creatingtheinitial simpleanimationoftentakesless
thantwo minutes,while modi cation of the transitionposescan
be avoided completelyby acceptingsuggestionpresentecy the
learned-posestimator In addition,a skilled animatorcan ne-tune

transitionposesaswell asaddany numberof additionalkeyframes
to achieve desireddetails.

We shav that realismcanbe approximatedy a small numberof
constraintn the behaior of linearandangularmomentum.This
approachelpsusavoid thecompleities of Newtonianconstraints.
Sincewe don't solve for muscleforces,we alsoavoid computing
the right distribution of muscleusageneededo producenatural-
looking motion. Simplerdynamicconstraintsallow usto generate
morecomple« animationsn termsof the charactemodelandmo-
tion descriptioncompleity. Simplerconstraintsalsoallow greater
variability of theresultingmotion. This featureenableghe anima-
tor to addmore expressve detail to the motion by providing addi-
tional keyframes.

We alsoshaw that by learninga small setof key parametershat
describea pose,we cancreaterealistictransitionposes.We shav
that the samplespacecan be populatedeither by realistic motion

(e.g.motioncapturedata),or by storingeachof the previously cre-
atedposes.In both casesa very small datasetcreateausefulpose
suggestions.

Our methodsare best suited for synthesisof highly dynamic
motion, since such motions are mainly governedby Newtonian
physics. One clear future researchdirection would be to extend
thesemethodsso that they apply to low-enegy charactemotion
suchaswalking, reachingor picking up anobject.

Marny aspect®f our approactcouldbe potentiallyappliedto other

animationproblems,mostnotablyrealisticediting of motion cap-

turedata.Theanimatorcouldstartfrom a motioncapturesequence
insteadof a simpleanimation. The automaticconstraintdetection

methodscould be usefulin processingmotion capturedata,since

they can accurately nd the foot-groundcontactpoints. Trans-

formingamotioncapturesequenc®y addingadditionalkeyframes

would createa new realisticanimationkeepingasmuchof the cap-

tureddetailaspossible.

It is worth noting that our synthesisapproachdoes not funda-
mentally needto startwith aninput animation. A skilled anima-
tor could, alternatvely, specify the ervironmentconstraintsand
keyframesexplicitly. Thisis probablythe mostlikely approactor
usingour algorithmsin the productionervironment. To make our
methodsmoreaccessiblé¢o a wider audiencewe needto develop
amoreeffective userinterface. In the future,we hopeto male our
toolsaccessibléo animatorsof varyingskill levels.
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Appendix A
We computethe angulatmmomentunof abody pointx as
L=nr x (13)

wherer is thevectorbetweerx andCOM, x is thevelocity of x and
mis themassof x.

To computethe netangulamomentunof the whole body, we sum
the angularmomentumcontrikutions for eachbody part (node)i,
computedy integratingeachbodypointxj :

72727

3 Xx; C) (x. C)dxdydz
a jfT](J ) (x; C)dxdy

L

acWMwhH+3mc wg
i i

+aAmwG C+ramc C (14)
1 1

whereC, is the COM of thenodei in its local coordinateframe.

We de ne operatorcr() thattransformsa3 3 matrixAtoa3 1
vectorasfollows:
2 3
an &
23 932
cr(A)=4 ag; a; O
ap ay



We computethe massmatrix tensorM; of thenodei asanintegral
of outerproductsover all body pointsxj , scaledby the nodemass

m. 227

M; = m X x| dxdydz
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