
Synthesis of Complex Dynamic Character Motion from Simple Animations

C. KarenLiu ZoranPopović
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Figure1 Top: Simpleinputanimationdepictinghopscotch(apopularchild gameconsistingof hops,broadjumpsandaspinjump). Bottom:Synthesizedrealistic
hopscotchanimation.

Abstract

In this paperwe presenta generalmethodfor rapidprototypingof
realisticcharactermotion. We solve for thenaturalmotion from a
simpleanimationprovidedby theanimator. Our framework canbe
usedto producerelatively complex realisticmotionwith little user
effort.

Wedescribeanovel constraintdetectionmethodthatautomatically
determinesdifferentconstraintson the characterby analyzingthe
input motion. We show that realisticmotion canbe achieved by
enforcinga smallsetof linearandangularmomentumconstraints.
This simpli�ed approachhelpsus avoid the complexities of com-
putingmuscleforces.Simplerdynamicconstraintsalsoallow usto
generateanimationsof modelswith greatercomplexity, performing
moreintricatemotions. Finally, we show that by learninga small
setof key parametersthatdescribea characterposewe canhelpa
non-skilledanimatorrapidlycreaterealisticcharactermotion.

CR Categories: I.3.7 [Computer Graphics]: Three-DimensionalGraphicsand
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1 Intro duction

Generatingrealisticcharacteranimationremainsoneof the great
challengesin computergraphics. To appearrealistic,a character
motion needsto satisfy the laws of physics, and stay within the
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spaceof naturallyoccurringmovements.Simulatedhumanmod-
els canmove their musclesin many differentwaysto accomplish
thesametask,but only a smallsubsetof thesemotionsappearsre-
alistic. Creatingsuchnaturalmodelsof motion hasproven to be
anextremelydif�cult task,especiallyfor charactersascomplex as
humans.

Complex modelsof characterdynamicsarealsodif�cult to control.
Computingthecorrectdynamicsrequiresanextensive mathemati-
cal infrastructurethatoftenhindersartisticexpressiveness.On the
otherhand,grantingmorecontrolto animatorsprovidesgreaterex-
pressive freedomoftenat thecostof realismbecausetheburdenof
beingphysically correctfalls into theanimators'hands.

An idealrealisticcharacteranimationsystemshouldbeableto syn-
thesizenaturalmotionof arbitrarycharacters,and,atthesametime,
provide theexpressive power of keyframing.Furthermore,thesys-
tem shouldallow non-skilledusersto createrealistic animations
easilywith minimal training. This paperstrivesto make a stepin
that direction. We presenta novel approachfor rapid prototyping
of realisticcharactermotion. We focuson the synthesisof highly
dynamicmovementsuchasjumping, kicking, running,andgym-
nastics.Lessenergeticmotionssuchaswalkingor reachingarenot
addressedin this paper. Our systemcouldbeusedby bothexperts
andnon-skilledanimatorsalike.

Theanimator�rst createsa roughsketchof thedesiredanimation.
Fromthis initial simpleanimationthesysteminfersenvironmental
constraintson thecharactermotion(e.g.footsteps).We choosenot
to usethefull characterformulationof dynamics.In fact,weavoid
solving for muscleforcesaltogether. Instead,we focuson deter-
mining more fundamentalpropertiesof realistic, highly dynamic
motionandtry to preserve thesefeaturesthroughouttheprocessof
animation. In particular, our systemextractsthe generalpatterns
of linear andangularmomentumtransferduring dynamicmotion
andtries to preserve thesepatternsduring animation. We askthe
animatorto fully specifya small setof speci�c keyframes. Since
our target usersareanimatorsof all skilled levels,our systemcan
alsomakesuggestionsfor eachof thosekeyframes.Finally, thean-
imatorcan�ne-tune themotionby specifyingadditionalkeyframes
anywherein themotionsequence.

Therestof thepaperdescribesourapproachin moredetail. In Sec-
tion 2, we discussrelatedwork. Section3 givesa shortoverview



of our motion synthesisapproach. Subsequentsectionsdescribe
variousaspectsof our algorithmsin moredetail. In Section9, we
describea collectionof exampleanimationsgeneratedby our sys-
tem.Section10summarizesourcontributionsandoutlinespossible
futureresearchdirections.

2 Related work

Synthesisof naturalmotion hasits roots in a variety of research
areasrangingfrom roboticsandspacetimeoptimizationto biome-
chanicsandkinesiology.

Robotcontrollersimulationhasbeensuccessfullyappliedto thedo-
main of realisticcomputeranimation[RaibertandHodgins1991;
van de Panneet al. 1994; van de Panneand Fiume 1993; Hod-
gins 1998]. Controllersdrive actuatorforcesbasedon the current
stateof theenvironment.Actuatorforces,throughsimulation,pro-
ducerealistic motion. Oncethe controllershave been�ne-tuned
and synchronizedto eachother, a wide rangeof realistic anima-
tionscanbeproduced,rangingfrom humanrunning,diving [Hod-
ginsetal. 1995],leapingandvaulting[Wooten1998],to motionof
non-humancharacters[vandePanneetal. 1994;Laszloetal. 2000;
Torkos andvan de Panne1998]. Although therehave beensome
recentpromisingadvancestowardsautomaticcontrollersynthesis
[HodginsandPollardAugust1997;Faloutsosetal. 2001],creating
controllersfor a giventaskremainsa dif�cult process.In addition,
simulatedrobotcontrollersdonotexposesuf�cient controlto allow
for expressiveanimations.

A numberof researcherstake the approachof modelingphysical
behavior on simplermachines,insteadof full complex characters
[TorkosandvandePanne1998;Popović andWitkin 1999;vande
Panne1997; Pollard1999; Discreetn. d.; Bruderlin andCalvert
1989]. In thesemethods,thephysically modeledmotionof simple
machinesis mappedontothefull character. Our simpli�ed physics
constraintsare in part inspiredby the idea that simpler physical
modelscanapproximatethebehavior of morecomplex models.In
contrastto the approachdescribedby Popović [1999], we do not
simplify the character, nor do we computefull dynamicsof the
simpli�ed character. Instead,wecomputesigni�cantly simplermo-
mentumconstraintsdirectlyon thecomplex character. Simplerand
moregeneraldynamicsconstraintsallow us to synthesizerealistic
motionstartingfrom highly unrealisticmotion.

The spacetimeconstraintsframework, in contrastto simulation,
caststhemotionsynthesisinto a variationaloptimizationproblem
[Witkin andKass1988; Cohen1992; Liu et al. 1994; Roseet al.
1996].Theanimatorspeci�esanobjective functionthatis ametric
of performanceor style(e.g.total power consumptionof all of the
character's muscles).Thealgorithmminimizestheobjective func-
tion while satisfyingthe poseandNewtonianphysics constraints
acrossall animationframes. Optimal energy movementand in-
tuitive control give this methodgreatappeal. Unfortunately, for
complex charactersthe Newtonian physics constraintsare highly
nonlinear, preventingthe spacetimeoptimizationfrom converging
to a solution. Spacetimeconstraintsare also highly sensitive to
thestartingpositionof theoptimization— if the initial stateis far
away from thesolution,theoptimizationoftendoesnot converge.
To date,thesedrawbackspreventspacetimeconstraintsfrom being
usedin generatingcomplex charactermotion.Our framework uses
spacetimeconstraintoptimization,but wecircumventits drawbacks
by choosingasimplersetof dynamicsconstraints.

Realisticmotioncanalsobeobtaineddirectly from therealworld.
Recently, anumberof methodsfor editingmotioncapturedatahave
beenproposed[Witkin andPopović 1995;BruderlinandWilliams
1995; Gleicher1998; Gleicher1997; Gleicherand Litwinowicz
1998; Roseet al. 1998; Gleicher2001; Lee andShin 1999; Shin
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Figure2 Algorithm overview.

et al. 2001], including a few that try to preserve physical proper-
tiesof themotion[Popović andWitkin 1999;PollardandReitsma
2001;PollardandBehmaram-Mosavat 2000;ZordanandHodgins
1999]. In general,thesemethodsproducemotionthatdoesnot de-
viatesigni�cantly from theinputmotion.Motion editingtoolsrely
on theexistenceof capturedmotionthat is similar to whattheani-
matorintendsto create.Also, it is inherentlydif�cult to introduce
new expressivecontentinto theanimations,sincemosteditingtools
aredesignedto preserve theoriginalmotionfeatures.

Researchin biomechanicsandkinesiologyprovidesa greatsource
of information on the kinematic and dynamic behaviors of ani-
mals [Blickhan 1999; Hull 1991; Yeadon1990; Alexander1990;
Alexander1989;Pandyet al. 1990]. Their analysisof groundand
�ight stageshelpedus in designingrealistic motion constraints.
Blickhan andFull [1993] demonstratethe similarity in the multi-
leggedlocomotionof kinematicallydifferentanimals.They show
striking similarities betweena humanrun, a horserun and the
monopodbounce(i.e. pogo-stick). This similarity motivatesour
approachof �nding theleastcommondenominatorfor a variedset
of dynamicmotions.

Our motion sketching approachto synthesizingmotion was in-
spiredby theeffectivenessof Igarashi's sketchinginterfacefor 3d
free-formdesign[1999], andthework on sketchingrealisticrigid-
bodymotion[Popović et al. 2000].

3 Overview

Our systemtransformssimple animationsinto realistic character
motionby applyinglaws of physicsandthebiomechanicsdomain
knowledge.Theinput to oursystemconsistsof anarticulatedchar-
acterwith its massdistribution,andanarbitrarycharacteranimation
containingvaluesof joint anglesonthecharacterateachframe.An-
imatorsarefreeto provide input animationswith anarbitrarylevel
of detail. In all of our exampleswe startedwith roughlow-quality
animations.Figure1 shows a synthesizedrealistichopscotchmo-
tion andits original simpleanimation.

We framethe motion synthesisproblemasa spacetimeoptimiza-
tion. Theunknownsto this problemincludethevaluesof joint an-
glesateachframe,alongwith parametersthatdeterminethebehav-
ior of angularandlinearmomentum.Theentiresynthesisprocess
breaksdown to four key stages(see�gure 2):

Constraint and stagedetection. Automatically detect environ-
ment constraintsthat correspondto user-intendedmotions,
and separatethe original motion sequenceinto constrained
andunconstrainedstages.

Transition posegeneration. Establish transition posesbetween
constrainedandunconstrainedanimationstages.

Momentum control. Generatephysical constraintsaccordingto
theNewtonianlawsandthebiomechanicsknowledge.



(a) (b) (c)

Figure 3 Positionalconstrainttypes: (a) A singlepositionalconstrainton a
toe, (b) a line positionalconstrainton the front of the foot, and(c) a plane
positionalconstraint.Thegreenarrows indicatethefreemotionrange.

Figure 4 Left: A �x ed-pointpositionalconstraintoccursat the intersection
of threelinesrepresentingthesolutionsfor thelinearsystemsof threeconsec-
utiveanimationframes.Right: A �x ed-linepositionalconstraintoccursat the
intersectionof threeplanes.

Objective function generation. Constructthe objective function
thatfavorsmotionthatis smooth,similar to theinputmotion,
andbalancedwhenstationary.

Eachstageimprovesspeci�c aspectsof theinputmotionsequences
by introducing constraintsor objective function componentsto
the spacetimeoptimization problem. We then use a sequential
quadraticprogrammingmethodto �nd the optimal animation. In
thesubsequentsectionswedescribeeachof thesestepsin detail.

4 Constraints and stage detection

Fromthestandpointof a user, eachinput motionsequencesimply
comprisestwo parts:thepartthatneedsto beimprovedandthepart
thatneedsto bekeptintact.For example,ausermightwishthatthe
handsof thecharacterstaystationaryon a high barwhile our sys-
temmakestherestof themotionlook realistic(�gure 8). Moreover,
usersusuallyrequireanumberof environmentalrestrictionson the
movementof the character. For example,the feet shouldalways
remainabove theground.Violating theserestrictionsmodi�es the
semanticsof theanimationthat theuserconveyed in the input an-
imation. We representtheseenvironmentalrestrictionswith posi-
tional and sliding constraints. Sincethe rough sketch animation
doesnot explicitly containtheserequirementsfrom users,our sys-
temautomaticallyextractstheconstraintsfrom theinputmotion. In
this section,we presentanalgorithmthatautomaticallydetectspo-
sitionalandslidingconstraintsfrom theoriginalmotionsequence.

4.1 Positional constraints detection

A positionalconstraint�x esa speci�c point on the characterto a
stationarylocationfor a periodof time. For example,whena char-
acter's heel touchesthe groundat landing,a positionalconstraint
occurson theheelacrossa numberof frames.Violating positional
constraintsfrequentlycausesundesirableartifactssuchasfeetslid-
ing or penetratingtheground.

To detectpositionalconstraints,we needto �nd all pointson the
body that stay�x ed in spacefor someperiodof time. We would
alsolike to determineif thesepointsareisolatedin spaceor if they

lie on a line or a planein orderto detectconstraintsat a �ner gran-
ularity (�gure 3). For example,whenthe charactertakesoff in a
jumpingmotion,a planeof positionalconstraintson thebottomof
thefoot is detected�rst, followedby asinglepointconstraintwhen
thecharactertransfersfrom standingon theentirefoot to beingon
its toes.

Becauseeachbodypartof thecharacteris a rigid body, we reduce
theproblemof �nding theconstrainedpointsonthewholecharacter
to �nding constrainedpointson eachbody part. To illustrateour
approach,wedescribethemovementof abodypoint throughtime.
Let W i be the matrix that transformsa point in a local coordinate
framep to its world positionxi at time i, or

xi = W ip: (1)

At time i + 1, p will be transformedto W i+ 1W� 1
i W ip. We then

de�ne

T i+ 1 = W i+ 1W� 1
i ; (2)

asthetransformationthatbringsxi to xi+ 1. A positionalconstraint
onp from time1 to timen impliesthatT1 throughTn all bringp to
thesameglobalpositionor

T ixi = xi or (T i � I )xi = 0; (3)

for i = 1: : :n. The solutionfor eachtime i is the eigenvector for
T i correspondingto the unit eigenvalue. BecauseT i is an af�ne
matrix, it canbewrittenas

T i =
�

bT i bi
0 1

�
(4)

sothatwecanreformulateequation(3) asa linearsystem

(bT i � I )x̂i = � bi : (5)

The linear systemin equation(5) is not alwaysconsistent,so we
solve it in a least-squaressense.Dependingon therankof ( bT i � I ),
thesolutionfor eachtime i canberepresentedasa point, a line or
aplane.

If theintersectionof thegeometriesrepresentinĝx1 throughx̂n, X,
exists andfalls on the body, thenwe de�ne a constraintthat �x es
p to X. In other words, we establishposition constraintswhere
thereexistsacollectionof pointsthatremainsstationaryoveratime
period1: : :n (�gure 4).

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

Minimal frames required (n) Theintersectionhasto exist across
at leastn framesto beconsideredapositionalconstraint.

Toleranceof intersections(e) Two solutionsareconsideredinter-
sectingif thedistancebetweenthemis lessthane.

Constrainablebody parts Constraintdetectionis performedonly
onasubsetof bodypartswhereusersareinterestedin �nding
positionalconstraints.This is usefulwhenwe want to detect
constraintsonly on speci�c body partsin the casewhenthe
entirecharacterstandsstill.



4.2 Sliding constraints

Slidingconstraintsareageneralizationof positionalconstraints.In-
steadof �xing apointonthecharacterto asingleworld coordinate,
a sliding constraintlimits thepoint's motion to a particularline or
planein world space.For example,a �gure skateris freeto change
thelocationof thefoot ontheiceaslongasit slidesalongthesame
line. Thus,we needto solve for both the constrainedbody points
andtheline or planeto which they areconstrained.

We describethealgorithmfor �nding a line constraint.Theplane
constraintis computedanalogously. Wewantto �nd abodypointp
that is constrainedto a line l. Insteadof establishinga closed-form
solution, we constructa least-squaresproblem,whereunknowns
aretheparametersfor p andl

minp;l å
i

Dist(T iW ip; l) (6)

In otherwords,we minimize the sumof distancesbetweenthe xi
andline l ateachframei.

Becausethe de�nition of a planesliding constraintsubsumesline
sliding constraints,anda line sliding constraintsubsumesa point
constraint,we performour constraintdetectionin theorderof de-
creasingrestriction.Firstwesolve for positionconstraintsandthen
line slidingconstraintsand�nally planeslidingconstraints.

Althoughwe tried to designour constraintdetectionto beasgen-
eral aspossible,in practicethe roughsketchmotion is rarely de-
tailedenoughto beableto �nd theexactlocationof theconstraint.
For example,the animatoroften leaves the entirecharacterstatic
during the time whencharacteris on theground. In thatcase,our
constraintdetectionwould �nd constraintson eachbody part. In
thosesituations,weallow theanimatorto selectspeci�c bodyparts
that shouldbe testedfor constraints.For example,we only select
the feet of the characterto be detectedin the hopscotchexample.
This approachwould also not fare well on extremely noisy data
suchaspoor-qualitymotioncapture.

4.3 Stage detection

Giventhelist of detectedconstraints,thesystemseparatestheorig-
inal animationinto unconstrained(�ight) andconstrained(ground)
stages.We draw the distinctionbetweenunconstrainedandcon-
strainedstagesbecausethe physicsandbiomechanicsrulesin the
air aredifferentfrom thoseontheground.Duringtheunconstrained
stage,gravity is theonly externalforceactinguponthecharacter.

5 Transition poses

A transitionposeseparatesconstrainedandunconstrainedstages.
We askanimatorsto specifythesespeci�c posesbecauseall other
non-transitionframesaremoredirectly controlledby the realism
constraints.Transitionposesalsotendto beinterestingfrom thean-
imator'sperspective. Thefollowing two sectionsdescribea learned
estimatorthatsuggestsaposeateachtransitionframe.Wealsode-
scribea setof toolsthatallow usersto positionthecharacterat the
phasetransitions.

5.1 Suggesting learned poses

Our poseestimatorpredictsposesat transition framesbasedon
the input motionsequence.Theestimatoris a K-nearestneighbor
(KNN) algorithm. Thetrainingconsistsof storinga speci�c setof
parametersaboutthetransitionposesfor eachexamplemotion.The
examplescanbegeneratedby theanimatorsor capturedfrom real
world. We alsoincrementallyupdatethedatabaseby insertingmo-
tionsasthey arespeci�edby theuserduringtheanimationprocess.
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Figure 5 Left: The input parametersof a training example in the motion
databaseinclude�ight distance(D), �ight height(H), previous�ight distance
(D0), takeoff angle(q), landingangle(f ), spinangle(w), feetspeedat takeoff
(dr , dl ) and landing(hr , hl ), andhorizontalaveragespeed(v). Right: The
KNN algorithmselectsthe k mostsimilar examplesbasedon the input pa-
rametersandoutputsasimpli�ed representationof acharacter. Thesimpli�ed
representationconsistsof centersof massfor thelowerbody(Cl ), upperbody
(Cu), andarms(Ca), all relative to thecenterof support(ps).

Thetraininginput parametersinclude�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
examples,wescaleeachinputparameterby its naturalbounds.The
estimatorpredictsasimpli�ed representationof thetransitionposes
at theconstraintrelease(takeoff) andconstraintcreation(landing).
For eachpose,thecharacteristicsof the targetmotionmustmatch
the prediction. The output representationconsistsof threemass
points:centerof mass(COM) of thelowerbody, COM of theupper
body, andCOMof twoarms(�gure 5). Thelocationsof masspoints
arestoredrelative to character's centerof support.This makesour
parameterizationinvariantof theglobaltransformation.

To predicta candidateposefrom theinput, theKNN algorithmse-
lectsthek mostsimilar examplesfrom themotiondatabase(k = 3,
in our implementation). The estimatorcomputesthe candidate
pose,which consistsof the positionsof the threemasspoints,by
interpolatingtheposesof theselectedneighbors,weightedby their
similaritiesto theinput.

Wereconstructafull characterposefrom threemasspointsby solv-
ing aninversekinematics(IK) problem,constrainingthethreemass
pointsto valuesreturnedby KNN, while minimizing thedeviation
betweenthesuggestedandoriginal poses.We setthe initial states
of theunknown DOFsequivalentto theDOFsof theposesfrom the
nearesttraining-setexample,so that thesolutionposekeepssome
plausibledetailsfrom thedatabaseexamples.

Therearea numberof advantagesto estimatinga smallsetof pose
parameters.Jointanglesthemselvesarepoorestimatorsof thepose
sincethey arenot uniformly scaled.Furthermore,with our repre-
sentationwe canusethe samemotion databaseto learnthe poses
of characterswith drasticallydifferentskeletalstructures.Weusea
simpleformulato scaletheestimatedrelativemasspointspositions
to accommodatea differentskeleton. Let CA be oneof character
A's COM outputparametersfrom the learningalgorithmandCA
bethecorrespondingCOM for thedefault pose.Supposewe know
CB, thecorrespondingdefaultposeof anotherskeletalstructure,we
cancomputeCB asfollows:

CB = CB + (CA � CA)
kCBk2

kCAk2
(7)

Intuitively, wedisplacethecenterof massparameterby therescaled
differencebetweenthe default andsuggestedposeof the charac-
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Figure6 Thegeneralangularmomentumpatternmodeledafterbiomechanics
data.During theunconstrainedstage(left of p1 andright of p4), theangular
momentumis constant.Duringtheconstrainedstage(betweenp1 andp4), the
curve is smooth,p2 is lower thanp1, d2 is lessthand1, andp2 andp3 areon
oppositesidesof p4.

ter in the database.We also found that this parameterizational-
lows usto learnposesfrom a relatively smallsetof examples.We
useda databaseof about50 motion capturedconstrainedandun-
constrainedsegmentsto synthesizeall of animationsdescribedin
Section9.

5.2 User pose adjustment

Becausethe estimatedposesdo not alwaysmeetthe needsof the
animation,we allow animatorsto directly modify transitionposes.
Ourposingtool givestheuserboth�ne-grain andhigh-level control
of theposeeditprocess.Userscandirectlymodify thelearnedmass
pointsby draggingthemto a new location. The IK solver adjusts
the joint DOFsaccordingly. For greatercontrol, the animatorcan
modify the transitionposedirectly. The usercanalsocustomize
the importanceof the similarity betweenthe currentposeand its
correspondingposein the original sketch. By �ne-tuning transi-
tion posesanimatorscanimpartexpressionandstyleto theoverall
motion.

Animatorsarealso free to introducenew keyframesanywherein
the animationto re�ne more detailedaspectsof motion. How-
ever, whenan animatorcreatestoo many of theseconstraints,the
spacetimeoptimizationproblembecomesover-constrained.At that
point,theanimatorhastheoptionof turningmomentumconstraints
into soft constraints.Theoptimizationhonorsall of theanimator's
constraintswhile trying to satisfysoft realismconstraintsasmuch
aspossible.Thisapproachprovidesgracefuldegradationof realism
in theevent that theanimator's keyframeposesforcethecharacter
into unrealisticmovement.

6 Controlling the character momentum

The transitionposesconstrainthe motion at a few key points of
theanimation.In a sense,they provide scaffolding for themotion,
whereasdynamicconstraintsensurerealistic motion during each
animationsegment. We achieve this realismby formulatingcon-
straintson the behavior of the character's linear andangularmo-
mentum.We derive theseconstraintsfrom thelaws of physicsand
biomechanicsdomainknowledge.

Linearmomentumdeterminesthe locationof COM at eachframe.
The computationof angularmomentuminvolves different body
partsandtheirmomentsof inertiarelative to thecenterof mass(for
computationof angularmomentumon anarticulatedcharactersee
AppendixA). Theconstraintson linearandangularmomentumare

differentfor unconstrainedandconstrainedstages,andwe discuss
themseparately.

6.1 Momentum during unconstrained stages

Sincegravity is theonly externalforceactingon theunconstrained
character, thefollowing equationholds

dP(q)=dt = mC̈(q) = mg; (8)

whereC is character'scenterof mass,andq arecharacter'sdegrees
of freedom.

During �ight thereareno externaltorquesactingon thecharacter,
sotheangularmomentumis constant

dL(q)=dt = 0: (9)

The spacetimeoptimizationenforcesthesetwo constraintsduring
an unconstrainedstage. Effectively, theseconstraintsensurethat
the centerof massfalls into a parabolictrajectoryand the joints
move in suchway that the angularmomentumof the whole body
remainsconstant(�gure 6).

6.2 Momentum during constrained stages

Unlike the unconstrainedstagewheregravity is the only external
forceactingon thecharacter, themomentumat a constrainedstage
resultsfrom a complex exchangeof energy betweenthe character
andtheenvironmentconstraints.Wewouldliketo avoid computing
linearandangularmomentumby complex physicalsimulation.In-
stead,we build anempiricalmodelfor thebehavior of momentum
basedon biomechanicsstudies[Pandyet al. 1992;King 1999]and
the analysisof motion capturedata. We observe that the momen-
tum during a constrainedstagehasa characteristicshapeshown
in �gure 6. The �gure shows a graphof an angularmomentum
componentduring a constrainedstagebetweentwo unconstrained
stages.Notethattheangularmomentumis constantduringthetwo
unconstrainedstages.

During the constrainedstage,the momentumtransfersfrom one
constantvalue to another. Natural dynamicsystemsachieve this
transferby �rst storing energy (momentumdecreases),and then
releasingit in aburstwhichcausesasmallovershootat p3.

Thecharacteristicpatternof thelinearmomentumis thesamewith
theexceptionthat the linearmomentumin theneighboringuncon-
strainedstageshasaslopemginsteadof 0.

Wetry tocaptureall aspectsof thiscurvebyenforcingthefollowing
invariants:

� thecurve is C1–continuousat transitionpointsp1 andp4

� p2 is lessthanp1

� d1 is largerthand2

� p2 andp3 areon theoppositesidesof p4

Sincethe momentumpatternduring the constrainedstageis fully
determinedby thecontrolpointvectorqm = [p1; p2; p3; p4], wefor-
mulatethelinearandangularmomentumconstraintsas

P(q) = Sl (qm) (10)
L(q) = Sa(qm) (11)

During optimizationwe solve for both q j
m vectorsfor eachcon-

strainedstage j and qi for eachtime frame i enforcingthe con-
straintsin equations8,9,10,11,aswell astheinequalityconstraints
onq j

m governingtheshapeof themomentumcurves.



7 Objective function

Themomentumconstraintsenforcerealismof themotionwhile de-
tectedconstraintstake into accounttheuserintentandenvironmen-
tal restrictions.However, naturallooking motionalsorequiresnat-
ural joint movements,smoothnessacrossframes,andstaticbalance
duringstationarypointsof theanimation.We formulateeachasan
objective functioncomponent.

Minimum mass displacement. To achieve naturaljoint move-
ment, we use the minimum massdisplacementmetric [Popović
andWitkin 1999]. Insteadof comparingDOFsdirectly, this met-
ric computestheintegralof massdisplacementover thecharacter's
body. Thismetricis looselyanalogousto themeasurementof power
consumption.Our resultsshow that minimum massdisplacement
presentsits own merits in producingnatural looking animations.
For example,thecompressionon thebodyof thecharacterbefore
the unconstrainedstageswould not affect the lower body (knees,
especially)without the minimum massdisplacementasan objec-
tive function.Without it, thecharactertendsto bendat thewaistin
orderto lower theCOM.

Minimal velocity of DOFs. Time coherenceplays a major
role in creatingvisually plausibleanimations.To accountfor the
smoothnessacrossframes,wede�ne anobjectivefunctionthatmin-
imizesthedeviationof eachDOFbetweentwo consecutive frames,
effectively minimizing thevelocity of eachjoint angleover theen-
tire animation.

Static balance. The static balanceis important during con-
strainedstageswhenthecharacteris standingstill [Taketal. 2000].
We measurebalanceby the distancebetweenthe COM andcon-
straintswhenprojectedontotheplanenormalto gravity.

The spacetimeobjective function is a weightedsum of the three
objectivecomponents.

8 Putting it all together

All constraintsand the objective function �t naturally within the
spacetimeframework. Theunknownsof oursystemQ arethechar-
acterDOFsqi for eachtime i andthecontrolpoint vectorsfor all
constrained-stagemomentumcurvesq j

m. The optimizationneeds
to enforcethreetypesof constraints:

Envir onmentconstraints(Ce). Constraint detection producesa
collectionof user-intendedconstraintsthat partition the mo-
tion into constrainedandunconstrainedstages.

Transition poseconstraints(Cp). Theseconstraintswerede�ned
betweeneachmotion phaseeither by our poseestimation
method,or explicitly by theuser.

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

The spacetimeconstraintsformulation�nds the unknowns Q that
minimizetheobjective functionwhile satisfyingall theconstraints:

min
Q

å Ei(q
i) subjectto

8
<

:

Ce(Q) = 0
Cp(Q) = 0
Cm(Q) = 0

(12)

9 Results

We usedour framework to generatea wide rangeof animationson
a male, femaleandchild �gure, all of which comprise51 DOFs,
including16 Euler rotations,3 translations,and32 quaternionro-
tations.We alsocreateda three-leggedcreaturewith 58 DOFs.In-
equalityconstraintsenforceboundson eachDOF. We obtainedthe
bodydimensionsandmassdistributionsfrom thebiomechanicslit-
erature[de Leva 1996;Pearsallet al. 1994]. To starttheanimation
process,theanimatorcreatesa simpleanimationasaninput to the
synthesisprocess.In somecasestheanimatoralsoselectstheparts
of thebodyto beusedfor constraintdetection(e.g.feetandhands).
Oncemotion phaseshave beendetermined,the animatorcanalso
changetherelative timing betweeneachphase.In somecases,the
animatoradjustedthe learnedtransitionposesto achieve a desired
effect. For thekarate-kickanimation,theanimatoralsocreatedan
additionalpose.

We solve our optimizationsusingSNOPT[Gill et al. 1996],a gen-
eral nonlinearly-constrainedoptimizationpackage.The optimiza-
tion timesdependon the durationof the motion sequence.All of
the simpleanimationstook only a few minutesto sketch. For all
examples,thesynthesisprocesstook lessthan� veminutes.

Broad jump. We synthesizeda broadjump motion that clearly
improves a crudeinput animationwhereonly global translations
of the character(3 out of 51 DOFs)arekeyframed. The original
animationis createdby interpolatingonly 3 keyframesat takeoff,
peak,andlanding.Theappropriatemovementon thearmsandlegs
resultsfrom enforcingthemomentumconstraintsandlearningthe
realistictransitionposes.

Twist jumps. Theinputmotionfor thissequenceconsistsof two
jumps,eachwith a90� turn. Theoutputanimationshowstheprepa-
rationbeforeeachtake-off. Thecharactertwistsawayfrom theturn
to increasethepotentialenergy so that it cangenerateenoughan-
gularmomentumat take-off to accomplishthe90� turn.

Hopscotch. Muchlikefor thebroadjumpexample,theanimator
createdan animationof a popularchild game,consistingof hops,
broadjumpsandaspinjump. Eachhoponly requires3 keyframes,
eachof which has fewer than 7 DOFs speci�ed. This example
showsthatoursystemcandealwith asymmetricmotionsby coordi-
natingdifferentpartsof bodyto accommodatethemomentumcon-
straints.Thisexamplealsodemonstratessmoothtransitionsamong
differenttypesof jumpstyles(�gure 1).

Running. The input for the running motion sequencerequired
keyframing of 7 DOFs. Originally, the upperbody is completely
stiff sinceno upperbodyDOFswerekeyframed.Theangularmo-
mentumconstraintcreatesa counter-bodymovementby theshoul-
dersandarmsto counteractthe angularmomentumgeneratedby
the legs. In the synthesizedanimationthe armsclearly twist to
countertheleg movement.

Handspring. Wegenerateda roughsketchof anadvancedhand-
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 feet andhands.Sincetherewereno
handstandswithin thelearningexampledatabase,theanimatorhad
to substantiallymodify the suggestedhandstandtransitionsposes.
This exampledemonstratesthatmomentumconstraintsaregeneral
enoughto capturethedynamicsof movementregardlesstheorien-
tationof themodel.



Figure7 A handspringmotion: simpleandsynthesizedanimation.

Figure8 A high-bargymnasticexercise:simpleandsynthesizedanimation.

Figure9 Jumpingon ice-skates:simpleandsynthesizedanimation.

Figure10 Spinjumpby a three-leggedcreature:simpleandsynthesizedanimation.



High-bar. Figure 8 shows a characterperforming a high-bar
gymnasticexercise. The two positionalconstraintson the hands
duringbar-contacttime createa “hanging” constrainedstage.The
constraintsof linear momentumand angular momentumapply
equally to the bar-contact and the more common ground con-
strainedstage.

Skating. Thisexampledemonstratesslidingconstraintdetection.
Themotionis similar to the180� spinjump,exceptthatthecharac-
terslidesasingleleg alongastraightline throughthetake-off phase
andlandingphase.The resultingmotion resemblesan ice-skating
�gure (�gure 9).

Karate kick. The karatekick animationwascreatedby an in-
crementalsynthesisprocess. First the animatorcreateda simple
side-jumpanimation. The �rst synthesispasscreateda realistic
sidejump. Theanimatorthenintroducedanadditionalkeyframeat
the peakof the jump indicatinga leg kick. The secondsynthesis
passcreatedthe�nal karate-kickanimationby enforcingtheorigi-
nal constraintsaugmentedby theadditionalmid-�ight constraint.

Other humanoid characters. Our framework canalsoanimate
characterswith differentskeletalstructuresandmassdistributions.
We createda child characterwhoselimbs are shorterand whose
torsois relatively larger. Our algorithmsuccessfullyscaleddown
the poseslearnedfrom motion databaseto accommodatea differ-
entskeletalstructure.In anotherexample,weremovedtheleft knee
DOF of thecharacterandgenerateda motionsequenceof thetwist
jumps.Thecharacterhadto drasticallytwist thepelviswhile land-
ing to placethestiff leg on thegroundproperly.

Non-humanoid characters. Our method also generalizesto
non-humanoidcharacters.We createda strangethree-leggedcrea-
ture andsynthesizeda numberof animationsexperimentingwith
variouslocomotiongaits. In �gure 10 we show thecreaturejump-
ing to thesideanddoinga180� turn jump.

10 Conclusion and future work

In this paperwe presenta generalmethodfor rapidprototypingof
dynamiccharactermotion that could be usedby both expertsand
non-skilledanimators.Animatorscanuseour systemto produce
relatively complex realistic motion with little effort on behalf of
theanimator. Creatingtheinitial simpleanimationoftentakesless
than two minutes,while modi�cation of the transitionposescan
be avoidedcompletelyby acceptingsuggestionspresentedby the
learned-poseestimator. In addition,askilledanimatorcan�ne-tune
transitionposesaswell asaddany numberof additionalkeyframes
to achievedesireddetails.

We show that realismcanbe approximatedby a small numberof
constraintson thebehavior of linearandangularmomentum.This
approachhelpsusavoid thecomplexitiesof Newtonianconstraints.
Sincewe don't solve for muscleforces,we alsoavoid computing
the right distribution of muscleusageneededto producenatural-
looking motion. Simplerdynamicconstraintsallow usto generate
morecomplex animationsin termsof thecharactermodelandmo-
tion descriptioncomplexity. Simplerconstraintsalsoallow greater
variability of theresultingmotion. This featureenablestheanima-
tor to addmoreexpressive detail to themotionby providing addi-
tional keyframes.

We alsoshow that by learninga small setof key parametersthat
describea pose,we cancreaterealistictransitionposes.We show
that the samplespacecanbe populatedeitherby realisticmotion

(e.g.motioncapturedata),or by storingeachof thepreviouslycre-
atedposes.In bothcases,a very smalldatasetcreatesusefulpose
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-energy charactermotion
suchaswalking,reaching,or pickingupanobject.

Many aspectsof ourapproachcouldbepotentiallyappliedto other
animationproblems,mostnotablyrealisticediting of motion cap-
turedata.Theanimatorcouldstartfrom amotioncapturesequence
insteadof a simpleanimation.Theautomaticconstraintdetection
methodscould be useful in processingmotion capturedata,since
they can accurately�nd the foot-groundcontactpoints. Trans-
formingamotioncapturesequenceby addingadditionalkeyframes
wouldcreateanew realisticanimationkeepingasmuchof thecap-
tureddetailaspossible.

It is worth noting that our synthesisapproachdoesnot funda-
mentallyneedto startwith an input animation. A skilled anima-
tor could, alternatively, specify the environment constraintsand
keyframesexplicitly. This is probablythemostlikely approachfor
usingour algorithmsin theproductionenvironment. To make our
methodsmoreaccessibleto a wider audience,we needto develop
a moreeffective userinterface.In thefuture,we hopeto make our
toolsaccessibleto animatorsof varyingskill levels.
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Appendix A

Wecomputetheangularmomentumof abodypoint x as

L = mr � �x; (13)

wherer is thevectorbetweenx andCOM, �x is thevelocityof x and
mis themassof x.

To computethenetangularmomentumof thewholebody, wesum
the angularmomentumcontributionsfor eachbody part (node)i,
computedby integratingeachbodypoint x j :

L = å
i

Z Z Z

j
mj (x j � C) � ( �x j � �C)dxdydz

= å
i

cr(W iM i
�WT

i ) + å
i

miC� W iCi

+ å
i

miW iCi � �C+ å
i

miC� �C (14)

whereCi is theCOM of thenodei in its local coordinateframe.

We de�ne operatorcr() thattransformsa 3� 3 matrix A to a 3� 1
vectorasfollows:

cr(A) =

2

4
a23 � a32
a31 � a13
a12 � a21

3

5



We computethemassmatrix tensorMi of thenodei asanintegral
of outerproductsover all bodypointsx j , scaledby thenodemass
mi .

Mi = mi

Z Z Z

j
x jx

T
j dxdydz
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POPOVIĆ, J., SEITZ, S. M., ERDMANN, M., POPOVI Ć, Z., AND WITKIN, A. P.
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