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Abstract

In this paperwe presenta navel methodfor creatingrealistic,con-
trollable motion. Given a corpusof motion capturedata,we au-
tomatically constructa directedgraphcalled a motion graph that
encapsulatesonnectionsamongthe database.The motion graph
consistshothof piecesof original motionandautomaticallygener
atedtransitions.Motion canbe generatedimply by building walks
on the graph. We presenta generalframewvork for extracting par
ticular graphwalksthatmeeta users speci cations.We thenshav
how this framewvork canbe appliedto the speci ¢ problemof gen-
eratingdifferentstylesof locomotionalongarbitrarypaths.

CR Categories: 1.3.7 [ComputerGraphics]: Three-Dimensional
GraphicsandRealism—Animation;

Keywords: motionsynthesismotioncaptureanimationwith con-
straints

1 Introduction

Realistichumanmotion is an importantpart of medialike video
gamesandmovies. More lifelik e charactersnake for moreimmer

sive ervironmentsandmorebelievablespecialeffects. At the same
time, realisticanimationof humanmotionis a challengingtask,as
peoplehave provento beadepiatdiscerninghesubtletieof human
movementandidentifying inaccuracies.

Onecommonsolutionto this problemis motion capture However,
while motioncaptureis areliableway of acquiringrealistichuman
motion, by itself it is a techniquefor reproducingmotion. Motion
capturedatahasprovento bedif cult to modify, andeditingtech-
niquesarereliableonly for smallchangego a motion. This limits
theutility of motioncapture— if the dataon handisn't sufciently
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similar to whatis desiredthenoftenthereis little thatcanbe done
otherthanacquiremoredata,atime-consumingndexpensve pro-
cess. This in particularis a problemfor applicationsthat require
motionto be synthesizedlynamically suchasinteractive environ-
ments.

Ourgoalis to retaintherealismof motioncapturewhile alsogiving
ausertheability to controlanddirecta characterFor example,we
would like to be ableto ask a characterto walk arounda room
withoutworrying abouthaving a pieceof motiondatathatcontains
the correctnumberof stepsandtravelsin theright directions. We
alsoneedto be ableto directcharactersvho canperformmultiple
actions ratherthanthosewho areonly capableof walking around.

This paperpresenta methodfor synthesizingstreamsf motions
basednacorpusof capturednovementwhile preservinghequal-

ity of theoriginaldata.Givenasetof motioncapturedata,we com-

pile astructurecalledamotiongraphthatencodesiow thecaptured
clips maybere-assembleth differentways. Themotiongraphis a

directedgraphwhereinedgescontaineitherpiecesof original mo-

tion dataor automaticallygeneratedransitions. The nodesthen
sene aschoicepointswherethesesmall bits of motionjoin seam-
lessly Becauseur methodsautomaticallydetectandcreatetransi-
tions betweenmotions,usersneednt capturemotionsspeci cally

designedo connecto oneanother If desiredtheusercantunethe

high-level structureof the motiongraphto producedesireddegrees
of connectiity amongdifferentparts.

Motion graphstransformthe motion synthesigprobleminto oneof
selectingsequencesf nodes,or graph walks By draving upon
algorithmsfrom graphtheoryandAl planning,we canextractgraph
walksthatsatisfycertainpropertiestherebygiving uscontrolover
thesynthesizednotions.

To demonstrate¢he potentialof our approachyve introducea sim-

ple example. We weredonated?8.5second®of motion capture or

about2400framesof animation,of a performerrandomlywalking

aroundwith both sharpand smoothturns. Sincethe motion was
donatedwe did not carefully planout eachmovement,astheliter-

aturesuggestss critical to successfuhpplicationof motioncapture
data[Washhurn 2001]. From this datawe constructeda motion

graphandusedanalgorithmdescribedaterin this paperto extract
motionsthattravelledalongpathssketchedon theground.Charac-
teristic movementsof the original datalik e sharpturnswereauto-
maticallyusedwhenappropriateasseenin Figurel.

It is possibleto placeadditionalconstrainton the desiredmotion.
For example,we noticedthat part of the motion hadthe character
sneakingaround.By labellingthesdramesasspecialwe wereable
to specifythat at certainpoints alongthe paththe charactemust
only usesneakingmovementsand at other partsof the motion it
mustusenormalwalking motions,asis alsoshawvn in Figure 1.
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Figure 1: Thetopimagesshaw original motioncapturedata;two arewalking motionsandoneis a sneakingmotion. The black curvesshaw the pathstravelled by the character
Thebottomimagesshav new motiongeneratedby amotiongraphbuilt out of theseexamplesplustheir mirrorimages.Imagesl and2 shav theresultof having themotiongraph t
walking motionto thesmoothyellow paths.Theblackcurne is theactualpositionof the centerof masson eachframe.Image3 shaovs motionformedby having the characteswitch

from walking to sneakinghalfway down the path.

The remainderof this paperis organizedasfollows. In Section2
we describerelatedwork. In Section3 we describehow a motion
graphis constructedrom adatabasef motioncapture.ln Sectiord
we setforth a generalframavork for extracting motion from the
motiongraphthatmeetsuserspeci cations.Section5 discussethe
speci ¢ problemof generatingnovementsalonga pathand how
it is handledin our framevork. We concludein Section6 with a
discussiorof the scalabilityof our approachto large datasetsand
potentialfuturework.

2 Related Work

Much previous work with motion capturehas revolved around
editing individual clips of motion. Motion warping [Witkin and
Popwit 1995]canbeusedto smoothlyaddsmallchanges$o a mo-
tion. Retageting[Gleicher 1998; Lee and Shin 1999] mapsthe
motion of a performerto a characteof differentproportionswhile

retainingimportantconstraintdik e footplants. Varioussignalpro-
cessingoperationgBruderlin and Williams 1995] canbe applied
to motion data. Our work is differentfrom theseefforts in thatit

involvescreatingcontinuousstreamsof motion, ratherthanmodi-
fying speci c clips.

Onestratgy for motionsynthesids to performmulti-targetblends
amonga setof examples,yielding a continuousspaceof parame-
terizedmotion. Wiley and Hahn[1997] usedlinear interpolation
to createparameterizationsf walking at variousinclinationsand
reachingto variouslocations. Roseet al. [1998] usedradial ba-
sis functionsto blend amongclips representinghe samemotion
performedin differentstyles. Theseworks have a focus comple-
mentaryto ours: while they aremainly concernedvith generating
parameterizationsf individual clips, we are concernedvith con-
structingcontrollablesequencesf clips.

Anotherpopularapproacho motionsynthesiss to constructstatis-
tical models. Pullenand Bregler [2000] usedkernel-basegroba-
bility distributionsto synthesizenev motionbasednthestatistical

propertiesof examplemotion. Cohereng wasaddedto the model
by explicitly accountindor correlationdbetweerparametersBow-

den[2000], Galataet al. [2001], andBrandandHertzmann2000]

all processednotion capturedataby constructingabstract'states”
which eachrepresenentire setsof poses. Transitionprobabilities
betweenstateswere usedto drive motion synthesis. Sincethese
statisticalmodelssynthesizamotion basedon abstraction®f data
ratherthan actual data, they risk losing importantdetail. In our
work we have tighter guaranteesn the quality of generatedno-
tion. Moreover, thesesystemddid not focuson the satishction of

high-level constraints.

We generatemotion by piecingtogetherexamplemotionsfrom a
databaseNumerousotherresearcherbave pursuedsimilar strate-
gies. Perlin [1995] and Perlin and Goldbeg [1996] useda rule-
basedsystemand simple blendsto attachprocedurallygenerated
motion into coherentstreams. Faloutsoset al. [2001] usedsup-
port vectormachinesto createmotion sequenceas compositions
of actionsgeneratedrom a set of physically basedcontrollers.
Sinceour systeminvolves motion capturedata,ratherthanproce-
dural or physicallybasedmotion, we requiredifferentapproaches
to identifying andgeneratingransitions.Also, thesesystemswere
mainly concernedvith appropriatelygeneratingndividual transi-
tions,whereasve addresshe problemof generatingentiremotions
(with mary transitions)}hat meetuserspeci ed criteria. Lamouret
andvan de Panne[1996] developeda systemthat useda database
to extract motion meetinghigh-level constraints. However, their
systemwasappliedto a simpleagentwith ve degreesof freedom,
whereaswe generatamotion for a far more sophisticatedcharac-
ter. Molina-TancoandHilton [2000] useda state-basedgtatistical
modelsimilar to thosementionedn the previous paragraptto re-
arrangesegmentsof original motion data. Theseseggmentswere
attachedusinglinear interpolation. The usercould createmotion
by selectingkeyframe poses which were connectedwith a high-
probability sequencef states. Our work consideramore general
andsophisticatedetsof constraints.

Work similar to ourshasbeendonein the gamingindustryto meet
therequirementsf onlinemotiongenerationMany companiesise
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movetrees[Mizuguchietal. 2001],which (like motiongraphs)are

graphstructuregepresentingonnectionsn a databasef motion.

However, move treesarecreatedmanually— shortmotionclipsare

collectedin carefully scriptedcapturesessionsandblendsarecre-

atedby handusinginteracte tools. Motion graphsareconstructed
automatically Also, move treesaretypically gearedfor rudimen-

tary motion planning(“l wantto turn left, sol shouldfollow this

transition”),asopposedo morecomplicatedbjectives.

The generatiorof transitionsis animportantpartof our approach.
Early work in this areawasdoneby Perlin[1995], who presentec
simplemethodfor smoothlyinterpolatingbetweertwo clipsto cre-
ateablend.Lee[2000]de ned orientation Iters thatallowedthese
blendingoperationso be performedon rotationaldatain a more
principled fashion. Roseet al. [1996] presentedh more comple
methodfor creatingtransitionghatpreseredkinematicconstraints
andbasicdynamicproperties.

Our main applicationof motion graphsis to control a charactes

locomotion. This problemis importantenoughto have receved

a greatdeal of prior attention. Becausea charactes pathisn't

generallyknown in advance,synthesids required.Procedurahnd
physicallybasedsynthesisnethodshave beendevelopedfor a few

actvities suchaswalking [Multon et al. 1999; Sunand Metaxas
2001] and running [Hodgins et al. 1995; Bruderlin and Calvert
1996]. While techniquesuchasthesecangeneratee xible motion
paths the currentrangeof movementstylesis limited. Also, these
methodsdo not producethe quality of motion attainableby hand
animationor motion capture. While Gleicher[2001] presentech
methodfor editing the pathtraversedin a clip of motion capture,
it did not addresghe needfor continuousstreamsof motion, nor
couldit choosewhichclip is correctto t apath(e.g.thataturning
motionis betterwhenwe have a curvedpath).

Our basicapproach— detectingtransitions,constructinga graph,
andusinggraphsearchtechniqueso nd sequencesatisfyinguser
demands— hasbeenappliedpreviously to otherproblems.Sctbdl
etal. [2000] developeda similar methodfor synthesizingseamless
streamsof video from examplefootageand driving thesestreams
accordingo high-level userinput.

Sincewriting this paper we have learnedof similar work done
concurrently by a number of researchgroups. Arikan and
Forsythe[2002] constructedrom a motion database hierarchi-
cal graphsimilar to oursand useda randomizedsearchalgorithm
to extractmotionthatmeetsuserconstraintsLeeetal. [2002] also
constructedh graphandgeneratedanotionvia threeuserinterfaces:
a list of choices,a sketch-basednterface similar to what we use
for path tting (Section5), anda live video feed. PullenandBre-
gler[2002] keyframeda subsebf a charactes degreesof freedom
andmatchedsmall sggmentsof this keyframedanimationwith the
lower frequenyg bandsof motion data. This resultedin sequences
of shortclips forming completemotions.Li etal [2002] generated
atwo-level statisticalmodelof motion. At thelower level werelin-
eardynamicsystemgepresentingharacteristienovementscalled
“textons”, and the higher level containedtransition probabilities
amongtextons. This modelwasusedbothto generatanew motion
basedn userkeyframesandto edit existing motion.

3 Motion Graph Construction

In this sectionwe de ne themotiongraphstructureandthe proce-
durefor constructingt from adatabasef clips.

A clip of motionis de ned as a regular samplingof the charac-
ter's parameterswhich consistof the position of the root joint
and quaternionsrepresentinghe orientationsof eachjoint. We
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Figure 2: Considemmotiongraphbuilt from two initial clips. (top)We cantrivially
insertanodeto divide aninitial clip into two smallerclips. (bottom)We canalsoinsert
atransitionjoining eithertwo differentinitial clips or differentpartsof the sameinitial
clip.

alsoallow clips (or, more generally setsof frames)to be anno-
tatedwith otherinformation,suchasdescriptve labels(“walking;
“karate”) and constraintinformation (left heelmustbe plantedon
theseframes).

A motiongraphis a directedgraphwhereall edgescorrespondo
clips of motion. Nodessene as choice points connectingthese
clips, i.e., eachoutgoingedgeis potentially the successoto ary
incomingedge. A trivial motion graphcanbe createdby placing
all theinitial clips from the databaseasarcsin thegraph.This cre-
atesa disconnectedraphwith 2n nodes,oneat the beginningand
endof eachclip. Similarly, aninitial clip canbe broken into two
clipsby insertinganode,sincethelaterpartof themotionis avalid
successoto theearlierpart(seeFigure?2).

A moreinterestinggraphrequiresgreaterconnectiity. For anode
to have multiple outgoingedgestheremustbe multiple clips that
canfollow theclip(s) leadinginto thenode.Sinceit is unlikely that
two piecesof originaldataaresufciently similar, we needto create
clips expresslyfor this purpose Transitionsareclips designedsuch
thatthey canseamlesslgonnectwo segmentsof original data.By
introducing nodeswithin the initial clips and insertingtransition
clips betweertherwisedisconnecteshodeswe cancreatea well-
connectedtructurewith awide rangeof possiblegraphwalks (see
Figure2).

Unfortunately creatingtransitionsis a hard animation problem.
Imagine, for example, creatinga transitionbetweena run and a
back ip. In reallife this would requireseveral secondgor anath-
lete to perform,andthe transitionmotion lookslittle like the mo-
tionsit connectsHencethe problemof automaticallycreatingsuch
atransitionis arguablyasdif cult asthatof creatingrealisticmo-
tionin the rst place.Ontheotherhand,if two motionsare“close”
to eachotherthensimple blendingtechniquesanreliably genef
ateatransition. In light of this, our strat@y is to identify portions
of theinitial clips thataresufciently similar that straightforvard
blendingis almostcertainto producevalid transitions.

The remainderof this sectionis divided into threeparts. First we
describeour algorithm for detectinga setof candidatetransition
points. In the following two sectionswe discusshow we select
amongthesecandidatetransitionsand how blendsare createdat
the chosertransitionpoints. Finally, we explain how to prunethe
graphto eliminateproblematicedges.
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3.1 Detecting Candidate Transitions

As in our system,motion capturedatais typically representecs
vectorsof parameterspecifyingthe root position and joint rota-
tions of a skeletonon eachframe. One might attemptto locate
transitionpoints by computingsomevector normto measurehe
differencebetweenposesat eachpair of frames. However, such
a simpleapproachs ill-advised,asit fails to addressa numberof
importantissues:

1. Simplevectornormsfail to accountfor the meaningsof the
parameters. Speci cally, in the joint angle representation
someparameterdiave a much greateroverall effect on the
charactethanothers(e.qg., hip orientationvs. wrist orienta-
tion). Moreover, thereis ho meaningfulway to assign x ed
weightsto theseparametersastheeffect of ajoint rotationon
theshapeof thebody depend®n the currentcon guration of
thebody

2. A motionis de ned only up to arigid 2D coordinatetrans-
formation. Thatis, the motionis fundamentallyunchangedf
we translateit alongthe oor planeor rotateit aboutthe ver-
tical axis. Hencecomparingtwo motionsrequiresdentifying
compatiblecoordinatesystems.

3. Smoothblendsrequiremoreinformationthancanbeobtained
atindividual frames.A seamlessransitionmustaccountnot
only for differencedn body posture but alsoin joint veloci-
ties,accelerationsandpossiblyhigherorderderivatives.

Our similarity metricincorporategachof theseconsiderationsTo

motivateit, we notethat the skeletonis only a meansto an end.
In atypical animation,a polygonalmeshis deformedaccordingto

the skeletons pose. This meshis all thatis seen,andhenceit is a
naturalfocuswhenconsideringhow closetwo framesof animation
areto eachother For this reasornwe measurdghe distancebetween
two framesof animationin termsof a point cloud driven by the

skeleton. Ideally this point cloudis a dovnsamplingof the mesh
de ning thecharacter

To calculatethe distanceD( ;; ;) betweentwo frames ; and
j» we considerthe point clouds formed over two windows of

framesof userde ned lengthk, oneborderedat the beginning by

; andthe otherborderedat the end by - Thatis, eachpoint
cloud is the compositionof smallerpoint cloudsrepresentinghe
poseat eachframein the window. The useof windows of frames
effectively incorporateglerivative informationinto the metric,and
is similar to the approachin [Schddl et al. 2000]. The size of the
windows arethesameasthelengthof thetransitionssoD( ;; j)
is affectedby every pair of framesthatform thetransition.We use
avalueof k correspondingo awindow of aboutathird of asecond
in length,asin [Mizuguchietal. 2001]

Thedistancebetween ; and . maybe calculatedoy computing
aweightedsumof squaredlistancedbetweercorrespondingoints
p; and pioin the two point clouds. To addresghe problemof nd-
ing coordinatesystemdor thesepoint clouds(item 2 in theabore
list), we calculatethe minimal weightedsum of squaredlistances
given thatan arbitraryrigid 2D transformatiormay be appliedto
thesecondpoint cloud:

min  wkp, T.. . pk® 1
I @

wherethe IineartransformationTq.xo.ZO rotatesa point p aboutthe

y (vertical) axisby g degreesandthentranslatest by (x,;Z,). The

" .

Figure 3: An exampleerrorfunctionfor two motions. The entryat (i; j) contains
theerrorfor makingatransitionfrom theit" frameof the rst motionto the j" frameof
the second White valuescorrespondo lower errorsandblackvaluesto highererrors.
Thecoloreddotsrepresentocal minima.

index is overthenumberof pointsin eachpointcloud. Theweights
w; may be choserbothto assignmoreimportanceto certainjoints
(e.g.,thosewith constraintspndto taperoff towardsthe endof the
window.

This optimizationhasa closed-formsolution:

&w(x% xz) ﬁ(@ X%2)

g= arCtanéiWi(&&Q*' Ziz% ﬁ()&h 2 2)
Xo = 5i1Wi (x X0coqq) Zsing) 3
7= é-—lvvi(2+ XOsin(q) Zcosq) 4)

wherex = &;w.x andtheotherbarredtermsarede ned similarly.

We computethe distanceasde ned above for every pair of frames
in the databaseforming a sampled2D error function. Figure 3

shaws a typical result. To make our transitionmodel more com-
pact,we nd all thelocalminimaof this errorfunction,therebyex-

tractingthe “sweetspots”at which transitionsarelocally the most
opportune Thistacticwasalsousedin [Schbdl etal. 2000]. These
local minimaareour candidatdransitionpoints.

3.2 Selecting Transition Points

A local minimumin the distancefunctiondoesnot necessarilym-
ply ahigh-qualitytransition;it only impliesa transitionbetterthan
its neighbors.We are speci cally interestedn local minimawith
small error values. The simplestapproachis to only acceptlocal
minima belowv an empirically determinedthreshold. This canbe
donewithout userintervention. However, often userswill wantto



To appearin Proceeding®f SIGGRAPHO02

setthethresholdthemselesto pick anacceptabléradeof between
having goodtransitionglow thresholdandhaving high connecti-
ity (highthreshold).

Differentkindsof motionshave different delity requirementskor

example,walking motionshave very exactingrequirement®n the

transitions— peoplehave seenotherswalk nearlyevery day since
birth and consequenthhave a keensenseof what a walk should
look like. Ontheotherhand,mostpeoplearelessfamiliar with bal-

let motionsandwould be lesslikely to detectinaccuraciesn such

motion. As a result,we allow a userto apply differentthresholds
to differentpairsof motions;transitionsamongballetmotionsmay

have a higheracceptancéhresholdthantransitionsamongwalking

motions.

3.3 Creating Transitions

If D( j) meetsthe thresholdrequirementswe createa tran-
sition by blendingframes ; to ., , with frames ; ,,, to
T inclusive. The rst stepis to apply the appropriatealigning
2D transformatiorto motion . Thenon frame p of thetransition
(0 p< K) we linearly interpolatethe root positionsand perform
sphericalinearinterpolationon joint rotations:

Ro=a(pR  +[1 a(pIR Q)

j k+l+p

dp=slerp(d  d  ra(p) (6)

k+ 1+ p

whereRy, is theroot positionon the pth transitionframeandqip is
therotationof theit" joint onthe pth transitionframe.

To maintaincontinuity we choosethe blendweightsa(p) accord-
ing to theconditionsthata(p) = 1for p 1l,a(p)=0forp Kk,

andthata(p) hasC! continuityeverywhere This requires

a(p) = 2222 )3 3Pt )2+1 1<p<k (D

Othertransitionschemessuchas[Roseet al. 1996], may be used
in placeof this one.

Theuseof linearblendsmeanghatconstraintsn the original mo-
tion may beviolated. For example,oneof the charactes feetmay
slide whenit oughtto be planted. This canbe correctedby using
constraintannotationsn the original motions. We treatconstraints
ashinarysignals:onagivenframeaparticularconstraineitherex-
istsor it doesnot. Blendingthesesignalsin analogyto equation$
and 6 amountsto usingthe constraintfrom  in the rst half of
thetransitionandthe constraint§rom  in thesecondhalf. In this
mannereachtransitionis automaticallyannotatedvith constraint
information,andtheseconstraintsmay later be enforcedasa post-
processingtepwhenmotionis extractedform the graph. We will
discussconstraintenforcemenin moredetailin the next section.

Descriptie labels attachedto the motionsare carriedalong into
transitions.Speci cally, if atransitionframeis a blendbetweera
framewith a setof labelsL, andanotherframewith a setof labels
L,, thenit hastheunionof thesdabelsL, [ L,.

l\, T o

Figure 4: A simplemotion graph. The largeststrongly connecteccomponenis
[1;2;3;6;7;8]. Node4 is asinkand5 is adeadend.

3.4 Pruning The Graph

In its currentstatethereare no guaranteeshat the graphcansyn-
thesizemotioninde nitely, sincetheremay be nodes(calleddead
end$ thatarenot partof ary cycle (seeFigure4). Oncesuchanode
is enteredthereis a boundon how muchadditionalmotion canbe
generated Othernodes(calledsinkg may be part of oneor more
cyclesbut nonethelessnly be ableto reacha smallfractionof the
total numberof nodesin the graph. While arbitrarily long motion
may still be generatedncea sink is entered this motion is con-
ned to asmallpartof the databaseFinally, somenodesmay have
incomingedgessuchthat no outgoingedgescontainthe sameset
of descriptve labels.Thisis dangerousincelogical discontinuities
may beforcedinto a motion. For example,a charactecurrentlyin
a“boxing” motionmayhave no choicebutto transitionto a“ballet”
motion.

To addresgheseproblems,we prunethe graphsuchthat, starting
from ary edge,it is possibleto generatearbitrarily long streams
of motion of the sametype suchthat as much of the databases
possibleis used. This is doneasfollows. Every frameof original

datais associateavith a (possiblyempty)setof labels. Saythere
aren uniquesets. For eachset, form the subgraphconsistingof

all edgeswhoseframeshave exactly this setof labels. Compute
thestronglyconnectedomponent$SCCs)of this subgraphwhere
an SCCis a maximalsetof nodessuchthatthereis a connecting
graphwalk for ary orderedpair of nodes(u;Vv). The SCCscanbe

computedn O(V + E) time usingan algorithmdueto Tarjan. We

eliminatefrom this subgraphiandhencetheoriginal motiongraph)
ary edgethatdoesnot attachtwo nodesin the largestSCC.Once
this processs completedfor all n label sets,ary nodeswith no

edgesarediscarded.

A warningis givento the userif the largestSCCfor a given set
of labelscontainsbelon a thresholdnumberof frames. Also, a
warningis givenif for ary orderedpair of SCCsthereis no way
to transitionfrom the rst to the second. In either case,the user
may wish to adjustthe transitionthresholdgSection3.2) to give
thegraphgreaterconnectyity.

4 Extracting Motion

By this stagewe have nished constructinghe motion graph. Af-
ter describingexactly how a graphwalk canbe corvertedinto dis-
playablemotion,wewill consideithegeneraproblemof extracting
motionthatsatis esuserconstraints Our algorithminvolvessolv-
ing anoptimizationproblem,andsowe concludethis sectionwith
somegenerarecommendationsn how to posethe optimization.
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4.1 Converting Graph Walks To Motion

Sinceevery edgeon the motiongraphis a pieceof motion,a graph
walk correspondgo a motion generatediy placing thesepieces
oneafteranother The only issueis to placeeachpiecein the cor

rectlocationandorientation. In otherwords, eachframe mustbe
transformedy anappropriateD rigid transformationAt the start
of a graphwalk this transformationis the identity. Whene&er we

exit a transitionedge,the currenttransformationis multiplied by

the transformatiorthat alignedthe piecesof motion connectedy

thetransition(Section3.1).

As notedin Section3.3,theuseof linearblendsto createtransitions
can causeartifacts, the most commonof which is feet that slide
whenthey oughtto be planted. However, every graphwalk is au-
tomaticallyannotatedvith constraintinformation(suchasthatthe
foot mustbeplanted).Theseconstraintareeitherspeci eddirectly
in theoriginal motionsor generateésin Section3.3,dependingn
whethertheframeis original dataor atransition. Theseconstraints
maybesatis edusingavarietyof methodssuchas[Gleicher1998]
or [LeeandShin1999]. In our work we usedthe methoddescribed
in [Kovaretal. 2002].

4.2 Searching For Motion

We arenow in apositionto considerthe problemof nding motion
thatsatis esuserspeci edrequirementslt is worth rst notingthat
only very specialgraphwalks arelikely to be useful. For exam-
ple, while arandomgraphwalk will generatea continuousstream
of motion, suchanalgorithmhaslittle useotherthananelaborate
screensaver. As a moredetailedexample,considercomputingan
all-pairs shortestgraphwalk tablefor the graph. Thatis, givena
suitablemetric— say time elapsedbr distancetravelled— we can
usestandardyraphalgorithmslik e Floyd-Warshallto nd for each
pair of nodesu andv the connectinggraphwalk thatminimizesthe
metric. With this in handwe could, for example,generatéhe mo-
tion thatconnectoneclip to anothermasquickly aspossible Thisis
lessusefulthanit might appearat rst. First, thereareno guaran-
teesthattheshortesgraphwalk is shortin anabsolutesenseln our
larger testgraphs(betweena few andseveral thousanchodes)the
averageshortestpathbetweenary two nodeswas on the order of
two secondsThisis notbecauseéhegraphsverepoorly connected.
Sincethetransitionswere aboutone-thirdof a secondapiece this
meanstherewere on averageonly ve or six transitionsseparat-
ing ary two of thethousand®f nodes.Secondthereis no control
over whathappensluringthegraphwalk — we cant specifywhat
directionthecharactetravelsin or wheresheendsup.

More generally the sortsof motionsthat a useris likely to be in-
terestedn probablydon't involve minimizing metricsassimpleas
total elapsedime. However, for complicatedmetricsthereis typ-
ically no simpleway of nding the globally optimal graphwalk.
Hencewe focusinsteadon local searchmethodsthattry to nd a
satisfactorygraphwalk within areasonableamountof time.

We now presenburframevork for extractinggraphwalksthatcon-
form to a users speci cations. We cast motion extraction as a
searchproblemandusebranchandboundto increaseheef ciency
of this search.The usersuppliesa scalarfunctiong(w; ) thateval-
uatesthe additionalerror accruedby appendingan edgee to the
existing pathw, which may be the emptypath®. The total error
f(w) of the pathis de ned asfollows:

f(w) = f(le;;:en)) = @ ollepiig 4lie) 8)
i=1

be nonn@atie, which meansthatwe cannever decrease¢he total
errorby addingmoreedgeso a graphwalk.

In additionto f andg, the usermustalsosupplya halting condi-
tionindicatingwhennoadditionaledgeshouldbeaddedo agraph
walk. A graphwalk satisfyingthe halting conditionis calledcom-
plete The startof the graphwalk may eitherbe speci ed by the
useror choserat random.

Ourgoalis nd acompletegraphwalk w thatminimizesf. To give
theusercontrol over whatsortsof motionsshouldbe consideredn
thesearchwe allow restrictionsonwhatedgesnaybeappendedo
agivenwalk w. For example theusermaydecidethatwithin apar
ticular window of time a graphwalk may only contain“sneaking”
edges.

A ndve solutionis to usedepth- rst searchto evaluate f for all

completegraphwalks andthen selectthe bestone. However, the
numberof possiblegraphwalks grows exponentiallywith the av-

eragesize of a completegraphwalk. To addresshis we usea
branchandboundstrat@y to cull branche®f thesearctthatarein-

capableof yielding aminimum. Sinceg(w; €) by assumptiomever
decreased,(w) is alowerboundon f(w+ v) for ary v, wherew+ v

is thegraphwalk composedf v appendedo w. Thuswe cankeep
trackof the currentbestcompletegraphwalk wy,; andimmediately
halt ary branchof the searchfor which the graphwalk's error ex-

ceedsf (wop). Also, theusermay de ne athresholderror e such
thatif f(w) < e, thenw is consideredo be“good enough”andthe
searchis halted.

Branchandboundis mostsuccessfulvhenwe can attain a tight
lowerboundearlyin thesearctprocessFor thisreasorit is worth-
while to have a heuristicfor orderingthe edgeswe explore out of
a particularnode. One simple heuristicis to order the children

we searclthe onethatminimizesg(w;c;).

While branchand boundreducesthe numberof graphwalks we
have to testagainstf, it doesnot changethe fact that the search
procesds inherentlyexponential— it merelylowersthe effective
branchingfactor For this reasorwe generatea graphwalk incre-
mentally At eachstepwe usebranchandboundto nd anoptimal
graphwalk of n frames.We retainthe rst m framesof this graph
walk andusethe nal retainednodeasa startingpoint for another
search.This processontinuesuntil a completegraphwalk is gen-
erated.In our implementationwe usedvaluesof n from 80 to 120
frames(Z% to 4 secondspndm from 25 to 30 frames(aboutone
second).

Sometimest is usefulto have a degreeof randomnesin thesearch
processsuchaswhenoneis animatinga crovd. Therearea cou-
ple of easywaysto addrandomnesto the searchprocesswithout
sacri cing agoodresult. The rst is to selecta startfor the search
atrandom. The seconds retainther bestgraphwalks at the end
of eachiterationof the searchandrandomlypick amongthe ones
whoseerroris within sometoleranceof the bestsolution.

4.3 Deciding What To Ask For

Sincethe motion extractedfrom the graphis determinedby the
functiong, it is worth consideringvhatsortsof functionsarelikely
to producedesirableresults.To understandheissuesnvolved, we
considera simpleexample.Imaginewe wantto lay dowvn two clips
onthe oor andcreatea motionthatstartsatthe rst clip andends
atthe second.Both clips mustendup in the speci ed positionand
orientation.We canformally statethis problemasfollows: givena
startingnodeN in thegraphandatargetedgee, nd agraphwalk
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Figure5: Theabae motionwasgeneratedisingthe searchalgorithmdiscussedn
this section.The halting conditionwasto play a speci c clip of two kicking motions.
Theerrorof acompletegraphwalk (whichnecessarilendedvith thekicking clip) was
determinedby how far away this kicking clip wasfrom beingin a particularposition
and orientation. The characterspendsapproximatelyseven secondsmaking minute
adjustmentdo its orientationin an attemptto betteralign itself with the nal clip.
The highlightedline shaws the the path of the taget clip in its desiredpositionand
orientation.

that endswith e suchthatthe transformationT appliedto e is as
closeas possibleto a given transformationiT® Whatonewill re-
ceiveis amotionlikein Figure5, wheretheinitial clip is awalking
motionandthe nal clip is akick. The characteturnsaroundin
placeseveral timesin an attemptto betterline up with the target
clip.

While it's concevablethatgiven a larger databaseve would have
found a bettermotion, the problemhereis with the function we
passednto the searchalgorithm. First, it givesno guidanceasto
what shouldbe donein the middle of the motion; all that matters
is thatthe nal clip bein the right positionand orientation. This
meanghe characteis allowedto do whatever is possiblein order
to male the nal t, evenif themotionis nothingthatarealperson
would do. Secondthe goalis probablymorespeci ¢ thanneces-
sary If it doesnt matterwhatkick thecharactedoesthenit should
beallowedto chooseakick thatdoesnt requiresucheffort to aim.

More generally thereare two lessonswe candrav from this ex-
ample. First, g shouldgive somesort of guidancethroughoutthe
entiremotion, asarbitrary motion is almostnever desirable.Sec-
ond,g shouldbeno morerestrictve thannecessaryn orderto give
the searchalgorithm more goalsto seek. Note the tradeof here
— guiding the searchtoward a particularresultmustbe balanced
againsundulypreventingit from consideringall availableoptions.

5 Path Synthesis

We have castmotion extraction as an optimization problem,and
we have givensomereasonsvhy the formulationof this optimiza-
tion canbedif cult. To demonstrat¢hatit is nonethelespossible
to comeup with optimizationcriteriathatallow usto solve areal
problem,we applytheprecedingramework to pathsynthesisThis
problemis simpleto state:givenapathP speci edby theuser gen-
eratemotionsuchthatthe charactetravelsalongP. In this section
we presentour algorithmfor path synthesis presentresults,and
discussapplicationsof thetechnique.

5.1 Implementing Path Synthesis

Giventhe frameavork in the previous section,our only tasksareto
de ne anerrorfunctiong(w; €) andappropriatéaltingcriteria. The
basicideais to estimataheactualpathPtravelled by thecharacter
during a graphwalk andmeasurehow differentit is from P. The
graphwalk is completewhenP?is sufciently long.

A simpleway to determinePCis to projectthe root ontothe oor
at eachframe, forming a piecavise linearcurel. Let P(s) bethe
point on P whosearc-lengthdistancefrom the startof P is s. The
ith frameof thegraphwalk, w;, is atsomearclengths(w;) from the
startof P2 We de ne the correspondingpoint on P asthe point at
the samearclength,P(s(w;)). For the jth frameof e, we calculate
thesquarecdistancdnetweerPO(s(ej)) andP(s(e;)). g(w;e) is the
sumof theseerrors:

gwe) = 3 kPis(e)) P(s(g))k? 9)
i=1

Notethats(g) dependn thetotal arclengthof w, which is why
this equationis a function of w aswell ase. The halting condition
for pathsynthesiss whenthe currenttotal length of P® meetsor
exceedshatof P. Any frameson the graphwalk at an arc length
longerthanthetotal lengthof P aremappedo thelastpointon P.

The error function g(w; €) was chosenfor a numberof reasons.
First, it is ef cient to compute,which is importantin makingthe

searchalgorithmpractical. Secondthe characteis givenincentive

to male de nite progressalongthe path. If we wereto have re-

quiredthe characteto merelybe nearthe path,thenit would have

no reasonnot to alternatebetweentravelling forwardsand back-

wards. Finally, this metric allows the characterto travel at what-

ever speeds appropriatdor whatneedgo be done. For example,

a sharpturn will not cover distanceat the samerate as walking

straightforward. Sinceboth actionsare equallyimportantfor ac-

curatepath synthesisijt is importantthat one not be given undue
preferencever theother

One potential problem with this metric is that a characterwho
standsstill will never have anincentve to move forward, asit can
accruezero error by remainingin place. While we have not en-
counterecthis particularproblemin practice,it canbe countered
by requiringat leasta smallamountof forward progressy on each
frame. More exactly, we canreplacein Equation9 the function

s(g) witht(e) = maxt(g ;) + s(g) (g 1)it(g 1)+ 9.

Typically the userwill wantall generatednotionto be of a single
type, suchaswalking. This corresponddo con ning the search
to the subgraplcontainingtheappropriatesetof descriptie labels.
Moreinterestingly onecanrequiredifferenttypesof motionondif-
ferentpartsof the path. For example,onemight wantthe character
to walk alongthe rst half of the path and sneakdown the rest.
Thenecessarynodi cationsto accomplistthis aresimple. We will
considerthe caseof two differentmotiontypes;the generalization
to highernumberss trivial.

We divide the original pathinto two smalleradjoiningpaths,P; and
P,, basedbnwherethetransitionfromtypeT, totypeT, isto occur
If thecharacteis currently tting P,, thenthealgorithmis identical
to the single-typecase.If thecharacteis tting P;, thenwe check
to seeif we areathresholddistancefrom the endof P;. If not, we
continueto only consideredgesof type T,. Otherwisewe allow
thesearchto try bothedgesof type T, andT,; in thelattercasewe
switchto tting P,. Note thatwe only allow this switch to occur
onceon ary givengraphwalk, which preventstheresultingmotion
from randomlyswitchingbetweerthetwo actions.

5.2 Results

While the examplesshawvn in Figure 1 suggesthatour technique
is viable, it perhapssn't surprisingthatwe wereableto nd accu-
rate ts to the given paths. As shavn in the upperportion of the

1In our implementationwe de ned the pathasa spline approximating
this piecavise linearpath,althoughthis haslittle impacton theresults.
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gure, the input motion had a fair amountof variation, including
straight-aheadharchessharpturns,andsmoothchangef curva-
ture. However, our algorithmis still usefulwhentheinputdatabase
is not asrich. Referto Figure6. We startedwith a single 12.8-
seconctlip of anactorsneakingalongtheindicatedpath. To stretch
this datafurther, we createda mirror-imagemotionandthenbuilt a
motiongraphout of thetwo. Fromthesewe wereableto construct
the new motionsshavn at the bottomof the gure, both of which
arethemselesapproximatelyl3 secondsn length.

Figure7 shawvs ts to amorecomplicatedpath. The rst example
useswalking motionsandthe secondusesmartialartsmotions;the
latter demonstrateghat our approachworks even on motionsthat
are not obviously locomotion. For the walking motion, the total
computatiortime wasnearlythesameasthelengthof thegenerated
animation(58.1second®f calculationfor 54.9secondsnimation).
Themartialartsmotionis 87.7seconddong andrequiredjust 15.0
second®f computationin generaljn ourtestcaseghedurationof
a generatednotion waseithergreaterthanor approximatelyequal
to theamountof time neededo producet. Bothmotiongraphshad
approximately3000frames(100 secondspf animation.

Finally, Figure8 shavs pathscontainingconstraintson the allow-
ablemotiontype. In the rst sectionof eachpaththe characteiis
requiredto walk, in the secondit mustsneak,andin the third it
is to performmartial artsmoves. Not only doesthe characteifol-
low the pathwell, but transitionsbetweenactiontypesoccurquite
closeto their speci ed locations. This exampleuseda databasef
approximately6000frames(200seconds).

All exampleswerecomputedon a 1.3GHzAthlon. For our largest
graph (about 6000 frames), approximatelytwenty- ve minutes
were neededo computethe locationsof all candidatetransitions
points. Approximately ve minutesof usertime wererequiredto
selecttransitionthresholdsandit took lessthana minuteto calcu-
late blendsat thesetransitionsandprunetheresultinggraph.

5.3 Applications Of Path Synthesis

Directablelocomotionis a generalenoughneedthatthe preceding
algorithmhasmary applications.

Interacti ve Control. We canusepathsynthesigechniquego give
a userinteractive control over a character For example,whenthe
userhitstheleft arrow key the charactemight starttravelling east.
To accomplistthis, we canusethepath tting algorithmto nd the
sequenc®f edgesstartingfrom our currentlocationon the graph
that bestallow the charactetto travel east. The rst edgeon the
resultinggraphwalk is the next clip thatwill be played. This pro-
cessmaythenberepeatedTo make this practical,we canprecom-
pute for every nodein the grapha sequencef graphwalks that
t straight-linepathsin a samplingof directions(0 degrees, 30 de-
grees, ::). The rst edgeson thesepathsarethenstoredfor later
use;they arethe bestedgedo follow giventhe directionthe char

acteris supposedo travel in.

High-Level Keyframing. If wewantacharacteto performcertain
actionsin aspeci ¢ sequencandin speci ¢ locationswe candrav
apathwith subsectionsequiringtheappropriateactiontypes.This
allows us to generatecomplex animationswithout the tedium of
manualkeyframing. For this reasonwe term this process‘high-
level” keyframing— theusergenerateananimationbasednwhat
shouldbe happeningandwhere.

Motion Dumping. If anAl algorithmis usedto determinethata
charactemusttravel alonga certainpathor startperformingcer
tain actions,the motion graphmay be usedto “dump” motionon
top of the algorithm's result. Hencemotion graphsmay be used

asa back-endfor animatingnon-playercharactersn video games
andinteractive ervironments— the pathsandactiontypescanbe
speci edby ahigh-level processaandthemotiongraphwould Il in

thedetails.

Crowds. While our discussiorsofar hasfocusedon a singlechar

acter theres no reasorwhy it couldnt be appliedto several char

actersin parallel. Motion graphsmay be usedas a practicaltool

for crowd generation For example,a standarccollision-aszoidance
algorithmcould be usedto generate pathfor eachindividual, and
the motion graphcould thengeneratamotionthat conformsto this

path. Moreover, we canusethe techniqueglescribedhat the endof

Sectiord.2to addrandomnes#o the generatednotion.

6 Discussion

In this paperwe have presentea framework for generatingealis-
tic, controllablemotionthrougha databasef motion capture.Our
approachnvolvesautomaticallyconstructinga graphthatencapsu-
latesconnection@mongdifferentpiecesof motionin the database
and then searchingthis graphfor motionsthat satisfy usercon-
straints. We have appliedour framework to the problemof path
synthesis.

As we had limited accessto data, our largestexamplesuseda
databasef several thousandramesof motion. While we believe
thiswassufcient to shaw the potentialof our method,a character
with atruly diversesetof actionsmight requirehundredsor thou-
sandsof timesmoredata. Hencethe scalability of our framewvork
bearsdiscussion.The principle computationabottleneckin graph
constructioris locatingcandidatdransitiongSection3.1). Thisre-
quirescomparingevery pair of the F framesin the databasend
thereforeinvolves O(F2) operations.However, this calculationis
trivial to parallelize,anddistancesetweenold framesneednt be
recomputedf additionsaremadeto thedatabase.

It is the exceptionratherthantherule thattwo piecesof motionare
sufciently similar that a transitionis possible,andhencemotion
graphstendto be sparse.In our experiencethe necessaramount
of storagds approximatelyproportionatto thesizeof thedatabase.

Thenumberof edgedeaving anodein generalgrows with thesize
of thegraph,meaningthe branchingfactorin our searchalgorithm
may grow aswell. However, we expectthatfuture motion graphs
will belargermainly becauséhe charactemwill beableto perform
moreactions. Thatis, for example,having increasingamountsof

walking motionisn't particularlyusefulonceonecandirectachar

acteralongnearlyary path. Hencethe branchingfactorin a par

ticular subgraphwill remainstationaryoncethat subgraphs suf-

ciently large. We anticipatethat typical graphsearchewill be
restrictedto oneor two subgraphsandsowe expectthatthe search
will remainpracticalevenfor largergraphs.

We concludewith a brief discussiorof future work. One limita-
tion of our approachs thatthe transitionthresholdsmustbe spec-
i ed by hand,since(asdiscussedn Section3.2) differentkinds of
motionshave different delity requirementsSettingthresholdsn
databasemwvolving mary differentkindsof motionsmaybeoverly
laborious,andsowe areinvestigatingmethodsfor automatinghis
processA secondareaof futurework is to incorporateparameter
izablemotions[Wiley andHahn1997; Roseet al. 1998]into our
system ratherthanhaving every nodecorrespondo a staticpiece
of motion. Thiswould add e xibility to thesearchprocessandpo-
tentially allow generatednotionto bettersatisfy userconstraints.
Finally, we areinterestedn applying motion graphsto problems
otherthanpathsynthesis.
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Figure 6: Theleftmostimageshaws the original motion andits re ection andthe following imagesshav motion generatedy our pathsynthesisalgorithm. The thick yellow
lineswerethe pathsto be t andthe blackline is an approximationof the actualpathof the character Note how we areableto accuratelyt nontrivial pathsdespitethe limited
variationin the pathof the original motion.

Figure 7: Theleft imageshavs a walking motion generatedo t to a paththatspells“Hello” in cursive. The right imageshaws a karatemotion t to the samepath. The
total calculationtime for the walking motion was 58.1 secondsand the animationitself is 54.9 seconds.The 87.7-secondaratemotion was computedn just 15.0 seconds.All
computationwasdoneon a 1.3gHzAthlon.

Figure 8: Theseimagesareboth ts to pathswhereinthe characteiis requiredto walk, thensneak,and nally performmartial artsmoves. The desiredtransitionpoints are
indicatedby wherethe curve changeolor. Notethatthe characteboth ts the pathaccuratelyandswitchesto the appropriatemotiontype closeto the desiredocation.
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