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Abstract

In this paperwe presenta novel methodfor creatingrealistic,con-
trollable motion. Given a corpusof motion capturedata,we au-
tomaticallyconstructa directedgraphcalleda motiongraph that
encapsulatesconnectionsamongthe database.The motion graph
consistsbothof piecesof originalmotionandautomaticallygener-
atedtransitions.Motion canbegeneratedsimplyby building walks
on the graph. We presenta generalframework for extractingpar-
ticular graphwalksthatmeeta user's speci�cations.We thenshow
how this framework canbeappliedto thespeci�c problemof gen-
eratingdifferentstylesof locomotionalongarbitrarypaths.

CR Categories: I.3.7 [ComputerGraphics]:Three-Dimensional
GraphicsandRealism—Animation;

Keywords: motionsynthesis,motioncapture,animationwith con-
straints

1 Intr oduction

Realistichumanmotion is an importantpart of medialike video
gamesandmovies.More lifelik e charactersmake for moreimmer-
sive environmentsandmorebelievablespecialeffects.At thesame
time, realisticanimationof humanmotionis a challengingtask,as
peoplehaveprovento beadeptatdiscerningthesubtletiesof human
movementandidentifying inaccuracies.

Onecommonsolutionto this problemis motioncapture.However,
while motioncaptureis a reliableway of acquiringrealistichuman
motion,by itself it is a techniquefor reproducingmotion. Motion
capturedatahasprovento bedif�cult to modify, andediting tech-
niquesarereliableonly for smallchangesto a motion. This limits
theutility of motioncapture— if thedataonhandisn't suf�ciently
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similar to whatis desired,thenoftenthereis little thatcanbedone
otherthanacquiremoredata,a time-consumingandexpensive pro-
cess. This in particularis a problemfor applicationsthat require
motionto besynthesizeddynamically, suchasinteractive environ-
ments.

Ourgoalis to retaintherealismof motioncapturewhile alsogiving
a usertheability to controlanddirecta character. For example,we
would like to be able to ask a characterto walk arounda room
withoutworryingabouthaving apieceof motiondatathatcontains
thecorrectnumberof stepsandtravels in the right directions.We
alsoneedto beableto directcharacterswho canperformmultiple
actions,ratherthanthosewho areonly capableof walking around.

This paperpresentsa methodfor synthesizingstreamsof motions
basedonacorpusof capturedmovementwhile preservingthequal-
ity of theoriginaldata.Givenasetof motioncapturedata,wecom-
pile astructurecalledamotiongraphthatencodeshow thecaptured
clipsmaybere-assembledin differentways.Themotiongraphis a
directedgraphwhereinedgescontaineitherpiecesof original mo-
tion dataor automaticallygeneratedtransitions. The nodesthen
serve aschoicepointswherethesesmallbits of motionjoin seam-
lessly. Becauseourmethodsautomaticallydetectandcreatetransi-
tions betweenmotions,usersneedn't capturemotionsspeci�cally
designedto connectto oneanother. If desired,theusercantunethe
high-level structureof themotiongraphto producedesireddegrees
of connectivity amongdifferentparts.

Motion graphstransformthemotionsynthesisprobleminto oneof
selectingsequencesof nodes,or graph walks. By drawing upon
algorithmsfromgraphtheoryandAI planning,wecanextractgraph
walksthatsatisfycertainproperties,therebygiving uscontrolover
thesynthesizedmotions.

To demonstratethepotentialof our approach,we introducea sim-
ple example.We weredonated78.5secondsof motioncapture,or
about2400framesof animation,of a performerrandomlywalking
aroundwith both sharpandsmoothturns. Sincethe motion was
donated,we did not carefullyplanout eachmovement,astheliter-
aturesuggestsis critical to successfulapplicationof motioncapture
data[Washburn 2001]. From this datawe constructeda motion
graphandusedanalgorithmdescribedlaterin this paperto extract
motionsthattravelledalongpathssketchedon theground.Charac-
teristicmovementsof theoriginal datalike sharpturnswereauto-
maticallyusedwhenappropriate,asseenin Figure1.

It is possibleto placeadditionalconstraintson thedesiredmotion.
For example,we noticedthatpartof themotion hadthecharacter
sneakingaround.By labellingtheseframesasspecial,wewereable
to specify that at certainpointsalong the paththe charactermust
only usesneakingmovements,andat otherpartsof the motion it
mustusenormalwalking motions,asis alsoshown in Figure1.
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Figure 1: Thetop imagesshow original motioncapturedata;two arewalking motionsandoneis a sneakingmotion. Theblackcurvesshow thepathstravelledby thecharacter.
Thebottomimagesshow new motiongeneratedby amotiongraphbuilt outof theseexamplesplustheirmirror images.Images1 and2 show theresultof having themotiongraph�t
walking motionto thesmoothyellow paths.Theblackcurve is theactualpositionof thecenterof massoneachframe.Image3 showsmotionformedby having thecharacterswitch
from walking to sneakinghalfway down thepath.

The remainderof this paperis organizedasfollows. In Section2
we describerelatedwork. In Section3 we describehow a motion
graphisconstructedfrom adatabaseof motioncapture.In Section4
we set forth a generalframework for extracting motion from the
motiongraphthatmeetsuserspeci�cations.Section5 discussesthe
speci�c problemof generatingmovementsalonga pathandhow
it is handledin our framework. We concludein Section6 with a
discussionof thescalabilityof our approachto largedatasetsand
potentialfuturework.

2 Related Work

Much previous work with motion capturehas revolved around
editing individual clips of motion. Motion warping [Witkin and
Popović 1995]canbeusedto smoothlyaddsmallchangesto amo-
tion. Retargeting [Gleicher 1998; Lee and Shin 1999] mapsthe
motionof a performerto a characterof differentproportionswhile
retainingimportantconstraintslike footplants.Varioussignalpro-
cessingoperations[Bruderlin andWilliams 1995] canbe applied
to motion data. Our work is differentfrom theseefforts in that it
involvescreatingcontinuousstreamsof motion, ratherthanmodi-
fying speci�c clips.

Onestrategy for motionsynthesisis to performmulti-targetblends
amonga setof examples,yielding a continuousspaceof parame-
terizedmotion. Wiley andHahn[1997] usedlinear interpolation
to createparameterizationsof walking at variousinclinationsand
reachingto variouslocations. Roseet al. [1998] usedradial ba-
sis functionsto blend amongclips representingthe samemotion
performedin differentstyles. Theseworks have a focuscomple-
mentaryto ours: while they aremainly concernedwith generating
parameterizationsof individual clips, we areconcernedwith con-
structingcontrollablesequencesof clips.

Anotherpopularapproachto motionsynthesisis to constructstatis-
tical models. PullenandBregler [2000] usedkernel-basedproba-
bility distributionsto synthesizenew motionbasedonthestatistical

propertiesof examplemotion. Coherency wasaddedto themodel
by explicitly accountingfor correlationsbetweenparameters.Bow-
den[2000],Galataet al. [2001], andBrandandHertzmann[2000]
all processedmotioncapturedataby constructingabstract“states”
which eachrepresententiresetsof poses.Transitionprobabilities
betweenstateswere usedto drive motion synthesis. Sincethese
statisticalmodelssynthesizemotion basedon abstractionsof data
ratherthan actualdata, they risk losing importantdetail. In our
work we have tighter guaranteeson the quality of generatedmo-
tion. Moreover, thesesystemsdid not focuson the satisfactionof
high-level constraints.

We generatemotion by piecingtogetherexamplemotionsfrom a
database.Numerousotherresearchershave pursuedsimilar strate-
gies. Perlin [1995] and Perlin andGoldberg [1996] useda rule-
basedsystemandsimpleblendsto attachprocedurallygenerated
motion into coherentstreams. Faloutsoset al. [2001] usedsup-
port vectormachinesto createmotion sequencesascompositions
of actionsgeneratedfrom a set of physically basedcontrollers.
Sinceour systeminvolvesmotion capturedata,ratherthanproce-
duralor physicallybasedmotion,we requiredifferentapproaches
to identifying andgeneratingtransitions.Also, thesesystemswere
mainly concernedwith appropriatelygeneratingindividual transi-
tions,whereasweaddresstheproblemof generatingentiremotions
(with many transitions)thatmeetuser-speci�edcriteria. Lamouret
andvan de Panne[1996] developeda systemthatuseda database
to extract motion meetinghigh-level constraints. However, their
systemwasappliedto a simpleagentwith � ve degreesof freedom,
whereaswe generatemotion for a far moresophisticatedcharac-
ter. Molina-TancoandHilton [2000] useda state-basedstatistical
modelsimilar to thosementionedin the previous paragraphto re-
arrangesegmentsof original motion data. Thesesegmentswere
attachedusing linear interpolation. The usercould createmotion
by selectingkeyframe poses,which wereconnectedwith a high-
probability sequenceof states.Our work considersmoregeneral
andsophisticatedsetsof constraints.

Work similar to ourshasbeendonein thegamingindustryto meet
therequirementsof onlinemotiongeneration.Many companiesuse
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movetrees[Mizuguchiet al. 2001],which (like motiongraphs)are
graphstructuresrepresentingconnectionsin a databaseof motion.
However, movetreesarecreatedmanually— shortmotionclipsare
collectedin carefullyscriptedcapturesessionsandblendsarecre-
atedby handusinginteractive tools.Motion graphsareconstructed
automatically. Also, move treesaretypically gearedfor rudimen-
tary motion planning(“I want to turn left, so I shouldfollow this
transition”),asopposedto morecomplicatedobjectives.

Thegenerationof transitionsis an importantpartof our approach.
Earlywork in thisareawasdoneby Perlin[1995],whopresenteda
simplemethodfor smoothlyinterpolatingbetweentwo clips to cre-
ateablend.Lee[2000]de�ned orientation�lters thatallowedthese
blendingoperationsto be performedon rotationaldatain a more
principled fashion. Roseet al. [1996] presenteda morecomplex
methodfor creatingtransitionsthatpreservedkinematicconstraints
andbasicdynamicproperties.

Our main applicationof motion graphsis to control a character's
locomotion. This problemis importantenoughto have received
a great deal of prior attention. Becausea character's path isn't
generallyknown in advance,synthesisis required.Proceduraland
physicallybasedsynthesismethodshave beendevelopedfor a few
activities suchaswalking [Multon et al. 1999; SunandMetaxas
2001] and running [Hodgins et al. 1995; Bruderlin and Calvert
1996].While techniquessuchasthesecangenerate�e xible motion
paths,thecurrentrangeof movementstylesis limited. Also, these
methodsdo not producethe quality of motion attainableby hand
animationor motion capture. While Gleicher[2001] presenteda
methodfor editing the pathtraversedin a clip of motion capture,
it did not addressthe needfor continuousstreamsof motion, nor
couldit choosewhichclip is correctto �t apath(e.g.thata turning
motionis betterwhenwe have a curvedpath).

Our basicapproach— detectingtransitions,constructinga graph,
andusinggraphsearchtechniquesto �nd sequencessatisfyinguser
demands— hasbeenappliedpreviously to otherproblems.Scḧodl
et al. [2000] developeda similar methodfor synthesizingseamless
streamsof video from examplefootageanddriving thesestreams
accordingto high-level userinput.

Sincewriting this paper, we have learnedof similar work done
concurrently by a number of researchgroups. Arikan and
Forsythe[2002] constructedfrom a motion databasea hierarchi-
cal graphsimilar to oursanduseda randomizedsearchalgorithm
to extractmotionthatmeetsuserconstraints.Leeet al. [2002]also
constructeda graphandgeneratedmotionvia threeuserinterfaces:
a list of choices,a sketch-basedinterfacesimilar to what we use
for path�tting (Section5), anda live video feed. PullenandBre-
gler [2002]keyframeda subsetof a character's degreesof freedom
andmatchedsmallsegmentsof this keyframedanimationwith the
lower frequency bandsof motiondata. This resultedin sequences
of shortclips forming completemotions.Li et al [2002] generated
a two-level statisticalmodelof motion.At thelower level werelin-
eardynamicsystemsrepresentingcharacteristicmovementscalled
“textons”, and the higher level containedtransition probabilities
amongtextons.This modelwasusedbothto generatenew motion
basedonuserkeyframesandto edit existingmotion.

3 Motion Graph Construction

In this section,wede�ne themotiongraphstructureandtheproce-
durefor constructingit from adatabaseof clips.

A clip of motion is de�ned as a regular samplingof the charac-
ter's parameters,which consistof the position of the root joint
and quaternionsrepresentingthe orientationsof eachjoint. We

Figure2: Consideramotiongraphbuilt fromtwo initial clips. (top)Wecantrivially
insertanodeto divideaninitial clip into two smallerclips. (bottom)Wecanalsoinsert
a transitionjoining eithertwo differentinitial clipsor differentpartsof thesameinitial
clip.

also allow clips (or, more generally, setsof frames)to be anno-
tatedwith otherinformation,suchasdescriptive labels(“walking,”
“karate”) andconstraintinformation(left heelmustbe plantedon
theseframes).

A motiongraphis a directedgraphwhereall edgescorrespondto
clips of motion. Nodesserve as choicepoints connectingthese
clips, i.e., eachoutgoingedgeis potentially the successorto any
incomingedge. A trivial motion graphcanbe createdby placing
all theinitial clips from thedatabaseasarcsin thegraph.This cre-
atesa disconnectedgraphwith 2n nodes,oneat thebeginningand
endof eachclip. Similarly, an initial clip canbe broken into two
clipsby insertinganode,sincethelaterpartof themotionis avalid
successorto theearlierpart(seeFigure2).

A moreinterestinggraphrequiresgreaterconnectivity. For a node
to have multiple outgoingedges,theremustbemultiple clips that
canfollow theclip(s) leadinginto thenode.Sinceit is unlikely that
two piecesof originaldataaresuf�ciently similar, weneedto create
clipsexpresslyfor thispurpose.Transitionsareclipsdesignedsuch
thatthey canseamlesslyconnecttwo segmentsof originaldata.By
introducingnodeswithin the initial clips and insertingtransition
clips betweenotherwisedisconnectednodes,we cancreatea well-
connectedstructurewith a wide rangeof possiblegraphwalks(see
Figure2).

Unfortunately, creatingtransitionsis a hard animationproblem.
Imagine, for example,creatinga transitionbetweena run and a
back�ip. In real life this would requireseveralsecondsfor anath-
lete to perform,andthe transitionmotion looks little like the mo-
tionsit connects.Hencetheproblemof automaticallycreatingsuch
a transitionis arguablyasdif�cult asthatof creatingrealisticmo-
tion in the�rst place.Ontheotherhand,if two motionsare“close”
to eachotherthensimpleblendingtechniquescanreliably gener-
atea transition. In light of this, our strategy is to identify portions
of the initial clips that aresuf�ciently similar that straightforward
blendingis almostcertainto producevalid transitions.

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

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

1. Simplevectornormsfail to accountfor the meaningsof the
parameters. Speci�cally, in the joint angle representation
someparametershave a much greateroverall effect on the
characterthanothers(e.g.,hip orientationvs. wrist orienta-
tion). Moreover, thereis no meaningfulway to assign�x ed
weightsto theseparameters,astheeffectof a joint rotationon
theshapeof thebodydependson thecurrentcon�gurationof
thebody.

2. A motion is de�ned only up to a rigid 2D coordinatetrans-
formation.Thatis, themotionis fundamentallyunchangedif
we translateit alongthe�oor planeor rotateit aboutthever-
tical axis.Hencecomparingtwo motionsrequiresidentifying
compatiblecoordinatesystems.

3. Smoothblendsrequiremoreinformationthancanbeobtained
at individual frames.A seamlesstransitionmustaccountnot
only for differencesin bodyposture,but alsoin joint veloci-
ties,accelerations,andpossiblyhigher-orderderivatives.

Oursimilarity metricincorporateseachof theseconsiderations.To
motivate it, we note that the skeletonis only a meansto an end.
In a typical animation,a polygonalmeshis deformedaccordingto
theskeleton's pose.This meshis all that is seen,andhenceit is a
naturalfocuswhenconsideringhow closetwo framesof animation
areto eachother. For this reasonwe measurethedistancebetween
two framesof animationin termsof a point cloud driven by the
skeleton. Ideally this point cloud is a downsamplingof the mesh
de�ning thecharacter.

To calculatethe distanceD(
�

i ; � j ) betweentwo frames
�

i and
� j , we considerthe point clouds formed over two windows of
framesof user-de�ned lengthk, oneborderedat thebeginning by

�

i andthe otherborderedat the endby � j . That is, eachpoint
cloud is the compositionof smallerpoint cloudsrepresentingthe
poseat eachframein thewindow. Theuseof windows of frames
effectively incorporatesderivative informationinto themetric,and
is similar to the approachin [Scḧodl et al. 2000]. The sizeof the
windowsarethesameasthelengthof thetransitions,soD(

�

i ; � j )
is affectedby every pair of framesthatform thetransition.We use
avalueof k correspondingto awindow of abouta third of asecond
in length,asin [Mizuguchiet al. 2001]

Thedistancebetween
�

i and � j maybecalculatedby computing
aweightedsumof squareddistancesbetweencorrespondingpoints
pi andp0

i in the two point clouds.To addresstheproblemof �nd-
ing coordinatesystemsfor thesepoint clouds(item 2 in theabove
list), we calculatethe minimal weightedsumof squareddistances
given that an arbitraryrigid 2D transformationmay be appliedto
thesecondpoint cloud:

min
q;x0;z0

å
i

wikpi � Tq;x0;z0
p0

ik
2 (1)

wherethelineartransformationTq;x0;z0
rotatesa point p aboutthe

y (vertical)axisby q degreesandthentranslatesit by (x0;z0). The

Figure 3: An exampleerror functionfor two motions.Theentryat (i; j) contains
theerrorfor makingatransitionfrom theith frameof the�rst motionto the j th frameof
thesecond.Whitevaluescorrespondto lowererrorsandblackvaluesto highererrors.
Thecoloreddotsrepresentlocal minima.

index is over thenumberof pointsin eachpointcloud.Theweights
wi maybechosenbothto assignmoreimportanceto certainjoints
(e.g.,thosewith constraints)andto taperoff towardstheendof the
window.

Thisoptimizationhasa closed-formsolution:

q = arctan
å i wi(xiz

0
i � x0

izi ) � 1
å i wi

(xz0� x0z)

å i wi(xix
0
i + ziz

0
i ) � 1

å i wi
(xx0+ zz0)

(2)

x0 =
1

å i wi
(x� x0cos(q) � z0sinq) (3)

z0 =
1

å i wi
(z+ x0sin(q) � z0cosq) (4)

wherex = å i wixi andtheotherbarredtermsarede�ned similarly.

We computethedistanceasde�ned above for every pair of frames
in the database,forming a sampled2D error function. Figure 3
shows a typical result. To make our transitionmodelmorecom-
pact,we�nd all thelocalminimaof thiserrorfunction,therebyex-
tractingthe“sweetspots”at which transitionsarelocally themost
opportune.This tacticwasalsousedin [Scḧodl et al. 2000].These
localminimaareour candidatetransitionpoints.

3.2 Selecting Transition Points

A local minimumin thedistancefunctiondoesnot necessarilyim-
ply a high-qualitytransition;it only impliesa transitionbetterthan
its neighbors.We arespeci�cally interestedin local minima with
small error values. The simplestapproachis to only acceptlocal
minima below an empirically determinedthreshold. This can be
donewithout userintervention. However, oftenuserswill want to
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setthethresholdthemselvesto pick anacceptabletradeoff between
having goodtransitions(low threshold)andhaving highconnectiv-
ity (high threshold).

Differentkindsof motionshavedifferent�delity requirements.For
example,walking motionshave very exactingrequirementson the
transitions— peoplehave seenotherswalk nearlyevery daysince
birth andconsequentlyhave a keensenseof what a walk should
look like. Ontheotherhand,mostpeoplearelessfamiliarwith bal-
let motionsandwould be lesslikely to detectinaccuraciesin such
motion. As a result,we allow a userto applydifferentthresholds
to differentpairsof motions;transitionsamongballetmotionsmay
have a higheracceptancethresholdthantransitionsamongwalking
motions.

3.3 Creating Transitions

If D(
�

i ; � j ) meetsthe thresholdrequirements,we createa tran-
sition by blendingframes

�

i to
�

i+ k� 1 with frames � j� k+ 1 to
� j , inclusive. The �rst stepis to apply the appropriatealigning
2D transformationto motion � . Thenon framep of thetransition
(0 � p < k) we linearly interpolatethe root positionsandperform
sphericallinearinterpolationon joint rotations:

Rp = a (p)R�

i+ p
+ [1� a (p)]R�

j � k+ 1+ p
(5)

qi
p = slerp(qi

�

i+ p
; qi

�

j � k+ 1+ p
; a (p)) (6)

whereRp is theroot positionon the pth transitionframeandqi
p is

therotationof theith joint on the pth transitionframe.

To maintaincontinuitywe choosetheblendweightsa (p) accord-
ing to theconditionsthata (p) = 1 for p � � 1, a (p) = 0 for p � k,
andthata (p) hasC1 continuityeverywhere.This requires

a (p) = 2(
p+ 1

k
)3 � 3(

p+ 1
k

)2 + 1; � 1 < p < k (7)

Othertransitionschemes,suchas[Roseet al. 1996],maybeused
in placeof this one.

Theuseof linearblendsmeansthatconstraintsin theoriginal mo-
tion maybeviolated.For example,oneof thecharacter's feetmay
slide whenit oughtto be planted.This canbe correctedby using
constraintannotationsin theoriginal motions.We treatconstraints
asbinarysignals:onagivenframeaparticularconstrainteitherex-
istsor it doesnot. Blendingthesesignalsin analogyto equations5
and6 amountsto usingtheconstraintsfrom

�

in the �rst half of
thetransitionandtheconstraintsfrom � in thesecondhalf. In this
mannereachtransitionis automaticallyannotatedwith constraint
information,andtheseconstraintsmaylaterbeenforcedasa post-
processingstepwhenmotion is extractedform thegraph.We will
discussconstraintenforcementin moredetail in thenext section.

Descriptive labelsattachedto the motionsare carriedalong into
transitions.Speci�cally, if a transitionframeis a blendbetweena
framewith a setof labelsL1 andanotherframewith a setof labels
L2, thenit hastheunionof theselabelsL1 [ L2.

1 2 53 4

7 86

Figure 4: A simplemotion graph. The largeststronglyconnectedcomponentis
[1;2;3;6;7;8]. Node4 is asink and5 is adeadend.

3.4 Pruning The Graph

In its currentstatethereareno guaranteesthat thegraphcansyn-
thesizemotion inde�nitely, sincetheremaybenodes(calleddead
ends) thatarenotpartof any cycle(seeFigure4). Oncesuchanode
is enteredthereis a boundon how muchadditionalmotioncanbe
generated.Othernodes(calledsinks) may bepart of oneor more
cyclesbut nonethelessonly beableto reacha small fractionof the
total numberof nodesin thegraph. While arbitrarily long motion
may still be generatedoncea sink is entered,this motion is con-
�ned to a smallpartof thedatabase.Finally, somenodesmayhave
incomingedgessuchthat no outgoingedgescontainthe sameset
of descriptive labels.This is dangeroussincelogicaldiscontinuities
maybeforcedinto a motion. For example,a charactercurrentlyin
a“boxing” motionmayhavenochoicebut to transitionto a“ballet”
motion.

To addresstheseproblems,we prunethe graphsuchthat, starting
from any edge,it is possibleto generatearbitrarily long streams
of motion of the sametype suchthat asmuchof the databaseas
possibleis used.This is doneasfollows. Every frameof original
datais associatedwith a (possiblyempty)setof labels. Saythere
aren uniquesets. For eachset, form the subgraphconsistingof
all edgeswhoseframeshave exactly this setof labels. Compute
thestronglyconnectedcomponents(SCCs)of thissubgraph,where
an SCCis a maximalsetof nodessuchthat thereis a connecting
graphwalk for any orderedpair of nodes(u;v). TheSCCscanbe
computedin O(V + E) time usinganalgorithmdueto Tarjan. We
eliminatefrom thissubgraph(andhencetheoriginalmotiongraph)
any edgethatdoesnot attachtwo nodesin the largestSCC.Once
this processis completedfor all n label sets,any nodeswith no
edgesarediscarded.

A warning is given to the userif the largestSCCfor a given set
of labelscontainsbelow a thresholdnumberof frames. Also, a
warning is given if for any orderedpair of SCCsthereis no way
to transitionfrom the �rst to the second. In eithercase,the user
may wish to adjustthe transitionthresholds(Section3.2) to give
thegraphgreaterconnectivity.

4 Extracting Motion

By this stagewe have �nished constructingthemotiongraph.Af-
ter describingexactly how a graphwalk canbeconvertedinto dis-
playablemotion,wewill considerthegeneralproblemof extracting
motionthatsatis�esuserconstraints.Our algorithminvolvessolv-
ing anoptimizationproblem,andsowe concludethis sectionwith
somegeneralrecommendationsonhow to posetheoptimization.
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4.1 Conver ting Graph Walks To Motion

Sinceevery edgeon themotiongraphis a pieceof motion,a graph
walk correspondsto a motion generatedby placing thesepieces
oneafteranother. Theonly issueis to placeeachpiecein thecor-
rect locationandorientation. In otherwords,eachframemustbe
transformedby anappropriate2D rigid transformation.At thestart
of a graphwalk this transformationis the identity. Whenever we
exit a transitionedge,the currenttransformationis multiplied by
the transformationthatalignedthe piecesof motion connectedby
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-
tomaticallyannotatedwith constraintinformation(suchasthat the
foot mustbeplanted).Theseconstraintsareeitherspeci�eddirectly
in theoriginalmotionsor generatedasin Section3.3,dependingon
whethertheframeis originaldataor a transition.Theseconstraints
maybesatis�edusingavarietyof methods,suchas[Gleicher1998]
or [LeeandShin1999]. In ourwork weusedthemethoddescribed
in [Kovar et al. 2002].

4.2 Searching For Motion

Wearenow in apositionto considertheproblemof �nding motion
thatsatis�esuser-speci�edrequirements.It is worth�rst notingthat
only very specialgraphwalks are likely to be useful. For exam-
ple, while a randomgraphwalk will generatea continuousstream
of motion,suchanalgorithmhaslittle useotherthananelaborate
screensaver. As a moredetailedexample,considercomputingan
all-pairsshortestgraphwalk tablefor the graph. That is, given a
suitablemetric— say, time elapsedor distancetravelled— we can
usestandardgraphalgorithmslike Floyd-Warshallto �nd for each
pair of nodesu andv theconnectinggraphwalk thatminimizesthe
metric. With this in handwe could,for example,generatethemo-
tion thatconnectsoneclip to anotherasquickly aspossible.This is
lessusefulthanit might appearat �rst. First, thereareno guaran-
teesthattheshortestgraphwalk is shortin anabsolutesense.In our
larger testgraphs(betweena few andseveral thousandnodes)the
averageshortestpathbetweenany two nodeswason the orderof
two seconds.This is notbecausethegraphswerepoorlyconnected.
Sincethe transitionswereaboutone-thirdof a secondapiece,this
meanstherewereon averageonly � ve or six transitionsseparat-
ing any two of thethousandsof nodes.Second,thereis no control
over whathappensduringthegraphwalk — we can't specifywhat
directionthecharactertravelsin or wheresheendsup.

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

Wenow presentour framework for extractinggraphwalksthatcon-
form to a user's speci�cations. We cast motion extraction as a
searchproblemandusebranchandboundto increasetheef�ciency
of this search.Theusersuppliesa scalarfunctiong(w;e) thateval-
uatesthe additionalerror accruedby appendingan edgee to the
existing pathw, which may be the emptypath /0. The total error
f (w) of thepathis de�ned asfollows:

f (w) = f ([e1; : : : ;en]) =
n

å
i= 1

g([e1; : : : ;ei� 1];ei ) (8)

wherew is comprisedof theedgese1; : : : ;en. Werequireg(w;e) to
benonnegative, which meansthatwe cannever decreasethe total
errorby addingmoreedgesto a graphwalk.

In additionto f andg, the usermustalsosupplya halting condi-
tion indicatingwhennoadditionaledgesshouldbeaddedto agraph
walk. A graphwalk satisfyingthehaltingconditionis calledcom-
plete. The startof the graphwalk may eitherbe speci�ed by the
useror chosenat random.

Ourgoalis �nd acompletegraphwalk w thatminimizesf . To give
theusercontrolover whatsortsof motionsshouldbeconsideredin
thesearch,weallow restrictionsonwhatedgesmaybeappendedto
agivenwalk w. For example,theusermaydecidethatwithin apar-
ticular window of time a graphwalk mayonly contain“sneaking”
edges.

A nä�ve solution is to usedepth-�rst searchto evaluate f for all
completegraphwalks andthenselectthe bestone. However, the
numberof possiblegraphwalks grows exponentiallywith the av-
eragesize of a completegraphwalk. To addressthis we usea
branchandboundstrategy to cull branchesof thesearchthatarein-
capableof yielding a minimum.Sinceg(w;e) by assumptionnever
decreases,f (w) is alowerboundon f (w+ v) for any v, wherew+ v
is thegraphwalk composedof v appendedto w. Thuswe cankeep
trackof thecurrentbestcompletegraphwalk wopt andimmediately
halt any branchof thesearchfor which thegraphwalk's errorex-
ceedsf (wopt ). Also, theusermay de�ne a thresholderrore such
thatif f (w) < e, thenw is consideredto be“good enough”andthe
searchis halted.

Branchandboundis mostsuccessfulwhenwe canattain a tight
lowerboundearlyin thesearchprocess.For this reasonit is worth-
while to have a heuristicfor orderingtheedgeswe explore out of
a particularnode. One simple heuristic is to order the children
greedily— that is, given a set of unexplored childrenc1; : : : ;cn,
wesearchtheonethatminimizesg(w;ci ).

While branchand boundreducesthe numberof graphwalks we
have to testagainst f , it doesnot changethe fact that the search
processis inherentlyexponential— it merelylowerstheeffective
branchingfactor. For this reasonwe 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 processcontinuesuntil a completegraphwalk is gen-
erated.In our implementationwe usedvaluesof n from 80 to 120
frames(22

3 to 4 seconds)andm from 25 to 30 frames(aboutone
second).

Sometimesit is usefulto haveadegreeof randomnessin thesearch
process,suchaswhenoneis animatinga crowd. Therearea cou-
ple of easywaysto addrandomnessto thesearchprocesswithout
sacri�cing a goodresult. The�rst is to selecta startfor thesearch
at random.Thesecondis retainthe r bestgraphwalks at theend
of eachiterationof thesearchandrandomlypick amongtheones
whoseerroris within sometoleranceof thebestsolution.

4.3 Deciding What To Ask For

Sincethe motion extractedfrom the graph is determinedby the
functiong, it is worthconsideringwhatsortsof functionsarelikely
to producedesirableresults.To understandtheissuesinvolved,we
considerasimpleexample.Imaginewewantto lay down two clips
on the�oor andcreatea motionthatstartsat the�rst clip andends
at thesecond.Both clips mustendup in thespeci�edpositionand
orientation.We canformally statethis problemasfollows: givena
startingnodeN in thegraphanda targetedgee, �nd a graphwalk

6
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Figure5: Theabovemotionwasgeneratedusingthesearchalgorithmdiscussedin
this section.Thehaltingconditionwasto play a speci�c clip of two kicking motions.
Theerrorof acompletegraphwalk (whichnecessarilyendedwith thekicking clip) was
determinedby how far away this kicking clip wasfrom beingin a particularposition
andorientation. The characterspendsapproximatelyseven secondsmakingminute
adjustmentsto its orientationin an attemptto betteralign itself with the �nal clip.
The highlightedline shows the the pathof the target clip in its desiredpositionand
orientation.

that endswith e suchthat the transformationT appliedto e is as
closeaspossibleto a given transformationT0. What onewill re-
ceive is amotionlike in Figure5, wheretheinitial clip is awalking
motion andthe �nal clip is a kick. The characterturnsaroundin
placeseveral times in an attemptto betterline up with the target
clip.

While it' s conceivablethatgiven a largerdatabasewe would have
found a bettermotion, the problemhereis with the function we
passedinto the searchalgorithm. First, it givesno guidanceasto
what shouldbe donein the middle of the motion; all that matters
is that the �nal clip be in the right positionandorientation. This
meansthecharacteris allowed to do whatever is possiblein order
to make the�nal �t, evenif themotionis nothingthata realperson
would do. Second,thegoal is probablymorespeci�c thanneces-
sary. If it doesn't matterwhatkick thecharacterdoes,thenit should
beallowedto chooseakick thatdoesn't requiresucheffort to aim.

More generally, thereare two lessonswe candraw from this ex-
ample. First, g shouldgive somesort of guidancethroughoutthe
entiremotion, asarbitrarymotion is almostnever desirable.Sec-
ond,g shouldbenomorerestrictivethannecessary, in orderto give
the searchalgorithm more goalsto seek. Note the tradeoff here
— guiding the searchtoward a particularresultmustbe balanced
againstundulypreventingit from consideringall availableoptions.

5 Path Synthesis

We have castmotion extraction as an optimizationproblem,and
we have givensomereasonswhy theformulationof this optimiza-
tion canbedif�cult. To demonstratethat it is nonethelesspossible
to comeup with optimizationcriteria that allow us to solve a real
problem,weapplytheprecedingframework to pathsynthesis.This
problemis simpleto state:givenapathP speci�edby theuser, gen-
eratemotionsuchthatthecharactertravelsalongP. In this section
we presentour algorithm for path synthesis,presentresults,and
discussapplicationsof thetechnique.

5.1 Implementing Path Synthesis

Giventhe framework in theprevioussection,our only tasksareto
de�ne anerrorfunctiong(w;e) andappropriatehaltingcriteria.The
basicideais to estimatetheactualpathP0travelledby thecharacter
during a graphwalk andmeasurehow differentit is from P. The
graphwalk is completewhenP0 is suf�ciently long.

A simpleway to determineP0 is to projectthe root onto the �oor
at eachframe,forming a piecewise linearcurve1. Let P(s) be the
point on P whosearc-lengthdistancefrom thestartof P is s. The
ith frameof thegraphwalk, wi , is atsomearclengths(wi ) from the
startof P0. We de�ne thecorrespondingpoint on P asthepoint at
thesamearc length,P(s(wi)) . For the j th frameof e, we calculate
thesquareddistancebetweenP0(s(ej )) andP(s(ej )) . g(w;e) is the
sumof theseerrors:

g(w;e) =
n

å
i= 1

kP0(s(ei )) � P(s(ei ))k2 (9)

Note thats(ei ) dependson the total arc lengthof w, which is why
this equationis a functionof w aswell ase. Thehaltingcondition
for pathsynthesisis whenthe currenttotal lengthof P0 meetsor
exceedsthatof P. Any frameson the graphwalk at an arc length
longerthanthetotal lengthof P aremappedto thelastpoint onP.

The error function g(w;e) was chosenfor a numberof reasons.
First, it is ef�cient to compute,which is importantin making the
searchalgorithmpractical.Second,thecharacteris givenincentive
to make de�nite progressalong the path. If we were to have re-
quiredthecharacterto merelybenearthepath,thenit would have
no reasonnot to alternatebetweentravelling forwardsandback-
wards. Finally, this metric allows the characterto travel at what-
ever speedis appropriatefor whatneedsto bedone.For example,
a sharpturn will not cover distanceat the samerate as walking
straightforward. Sinceboth actionsareequally importantfor ac-
curatepathsynthesis,it is importantthat onenot be given undue
preferenceover theother.

One potential problem with this metric is that a characterwho
standsstill will never have an incentive to move forward,asit can
accruezero error by remainingin place. While we have not en-
counteredthis particularproblemin practice,it canbe countered
by requiringat leasta smallamountof forwardprogressg on each
frame. More exactly, we can replacein Equation9 the function
s(ei) with t(ei ) = max(t(ei� 1) + s(ei ) � s(ei� 1);t(ei� 1) + g).

Typically theuserwill wantall generatedmotionto beof a single
type, suchas walking. This correspondsto con�ning the search
to thesubgraphcontainingtheappropriatesetof descriptive labels.
Moreinterestingly, onecanrequiredifferenttypesof motionondif-
ferentpartsof thepath.For example,onemightwantthecharacter
to walk along the �rst half of the path and sneakdown the rest.
Thenecessarymodi�cationsto accomplishthisaresimple.Wewill
considerthecaseof two differentmotiontypes;thegeneralization
to highernumbersis trivial.

Wedividetheoriginalpathinto two smalleradjoiningpaths,P1 and
P2, basedonwherethetransitionfrom typeT1 to typeT2 is to occur.
If thecharacteris currently�tting P2, thenthealgorithmis identical
to thesingle-typecase.If thecharacteris �tting P1, thenwe check
to seeif we area thresholddistancefrom theendof P1. If not, we
continueto only consideredgesof type T1. Otherwisewe allow
thesearchto try bothedgesof typeT1 andT2; in thelattercasewe
switch to �tting P2. Note that we only allow this switch to occur
onceonany givengraphwalk, whichpreventstheresultingmotion
from randomlyswitchingbetweenthetwo actions.

5.2 Results

While the examplesshown in Figure1 suggestthatour technique
is viable,it perhapsisn't surprisingthatwe wereableto �nd accu-
rate �ts to the given paths. As shown in the upperportion of the

1In our implementationwe de�ned the pathasa splineapproximating
thispiecewise linearpath,althoughthishaslittle impacton theresults.
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�gure, the input motion hada fair amountof variation, including
straight-aheadmarches,sharpturns,andsmoothchangesof curva-
ture.However, ouralgorithmis still usefulwhentheinputdatabase
is not as rich. Refer to Figure6. We startedwith a single12.8-
secondclip of anactorsneakingalongtheindicatedpath.To stretch
thisdatafurther, wecreatedamirror-imagemotionandthenbuilt a
motiongraphout of thetwo. Fromthesewe wereableto construct
thenew motionsshown at thebottomof the �gure, bothof which
arethemselvesapproximately13secondsin length.

Figure7 shows �ts to a morecomplicatedpath. The �rst example
useswalkingmotionsandthesecondusesmartialartsmotions;the
latter demonstratesthat our approachworks even on motionsthat
are not obviously locomotion. For the walking motion, the total
computationtimewasnearlythesameasthelengthof thegenerated
animation(58.1secondsof calculationfor 54.9secondsanimation).
Themartialartsmotionis 87.7secondslongandrequiredjust 15.0
secondsof computation.In general,in our testcasesthedurationof
a generatedmotionwaseithergreaterthanor approximatelyequal
to theamountof timeneededto produceit. Bothmotiongraphshad
approximately3000frames(100seconds)of animation.

Finally, Figure8 shows pathscontainingconstraintson theallow-
ablemotion type. In the �rst sectionof eachpaththe characteris
requiredto walk, in the secondit must sneak,and in the third it
is to performmartialartsmoves. Not only doesthe characterfol-
low thepathwell, but transitionsbetweenactiontypesoccurquite
closeto their speci�ed locations.This exampleuseda databaseof
approximately6000frames(200seconds).

All exampleswerecomputedon a 1.3GHzAthlon. For our largest
graph (about 6000 frames), approximatelytwenty-�ve minutes
wereneededto computethe locationsof all candidatetransitions
points. Approximately� ve minutesof usertime wererequiredto
selecttransitionthresholds,andit took lessthana minuteto calcu-
lateblendsat thesetransitionsandprunetheresultinggraph.

5.3 Applications Of Path Synthesis

Directablelocomotionis a generalenoughneedthat thepreceding
algorithmhasmany applications.

Interacti ve Control. We canusepathsynthesistechniquesto give
a userinteractive controlover a character. For example,whenthe
userhits theleft arrow key thecharactermight starttravelling east.
To accomplishthis,wecanusethepath�tting algorithmto �nd the
sequenceof edgesstartingfrom our currentlocationon the graph
that bestallow the characterto travel east. The �rst edgeon the
resultinggraphwalk is thenext clip thatwill beplayed.This pro-
cessmaythenberepeated.To make this practical,we canprecom-
pute for every nodein the grapha sequenceof graphwalks that
�t straight-linepathsin a samplingof directions(0 degrees,30 de-
grees,: : : ). The �rst edgeson thesepathsarethenstoredfor later
use;they arethebestedgesto follow given thedirectionthechar-
acteris supposedto travel in.

High-Level Keyframing. If wewantacharacterto performcertain
actionsin aspeci�c sequenceandin speci�c locations,wecandraw
apathwith subsectionsrequiringtheappropriateactiontypes.This
allows us to generatecomplex animationswithout the tedium of
manualkeyframing. For this reasonwe term this process“high-
level” keyframing— theusergeneratesananimationbasedonwhat
shouldbehappeningandwhere.

Motion Dumping. If an AI algorithmis usedto determinethata
charactermusttravel alonga certainpathor startperformingcer-
tain actions,the motion graphmay be usedto “dump” motion on
top of the algorithm's result. Hencemotion graphsmay be used

asa back-endfor animatingnon-playercharactersin videogames
andinteractive environments— the pathsandactiontypescanbe
speci�edby ahigh-level processandthemotiongraphwould �ll in
thedetails.

Crowds. While our discussionsofar hasfocusedon a singlechar-
acter, there's no reasonwhy it couldn't beappliedto several char-
actersin parallel. Motion graphsmay be usedasa practicaltool
for crowd generation.For example,a standardcollision-avoidance
algorithmcouldbeusedto generatea pathfor eachindividual,and
themotiongraphcouldthengeneratemotionthatconformsto this
path. Moreover, we canusethetechniquesdescribedat theendof
Section4.2 to addrandomnessto thegeneratedmotion.

6 Discussion

In this paperwe have presenteda framework for generatingrealis-
tic, controllablemotionthrougha databaseof motioncapture.Our
approachinvolvesautomaticallyconstructingagraphthatencapsu-
latesconnectionsamongdifferentpiecesof motionin thedatabase
and then searchingthis graph for motions that satisfy usercon-
straints. We have appliedour framework to the problemof path
synthesis.

As we had limited accessto data, our largest examplesuseda
databaseof several thousandframesof motion. While we believe
this wassuf�cient to show thepotentialof our method,a character
with a truly diversesetof actionsmight requirehundredsor thou-
sandsof timesmoredata. Hencethescalabilityof our framework
bearsdiscussion.Theprinciplecomputationalbottleneckin graph
constructionis locatingcandidatetransitions(Section3.1).This re-
quirescomparingevery pair of the F framesin the databaseand
thereforeinvolvesO(F2) operations.However, this calculationis
trivial to parallelize,anddistancesbetweenold framesneedn't be
recomputedif additionsaremadeto thedatabase.

It is theexceptionratherthantherule thattwo piecesof motionare
suf�ciently similar that a transitionis possible,andhencemotion
graphstendto be sparse.In our experiencethe necessaryamount
of storageis approximatelyproportionalto thesizeof thedatabase.

Thenumberof edgesleaving a nodein generalgrows with thesize
of thegraph,meaningthebranchingfactorin our searchalgorithm
maygrow aswell. However, we expectthat futuremotion graphs
will belargermainly becausethecharacterwill beableto perform
moreactions.That is, for example,having increasingamountsof
walkingmotionisn't particularlyusefulonceonecandirectachar-
acteralongnearlyany path. Hencethe branchingfactor in a par-
ticular subgraphwill remainstationaryoncethat subgraphis suf-
�ciently large. We anticipatethat typical graphsearcheswill be
restrictedto oneor two subgraphs,andsoweexpectthatthesearch
will remainpracticalevenfor largergraphs.

We concludewith a brief discussionof future work. One limita-
tion of our approachis that the transitionthresholdsmustbespec-
i�ed by hand,since(asdiscussedin Section3.2)differentkindsof
motionshave different�delity requirements.Settingthresholdsin
databasesinvolving many differentkindsof motionsmaybeoverly
laborious,andsowe areinvestigatingmethodsfor automatingthis
process.A secondareaof futurework is to incorporateparameter-
izablemotions[Wiley andHahn1997; Roseet al. 1998] into our
system,ratherthanhaving every nodecorrespondto a staticpiece
of motion. This would add�e xibility to thesearchprocessandpo-
tentially allow generatedmotion to bettersatisfyuserconstraints.
Finally, we are interestedin applyingmotion graphsto problems
otherthanpathsynthesis.
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Figure 6: The leftmostimageshows the original motionandits re�ection andthe following imagesshow motiongeneratedby our pathsynthesisalgorithm. The thick yellow
lines werethe pathsto be �t andthe black line is an approximationof the actualpathof the character. Note how we areableto accurately�t nontrivial pathsdespitethe limited
variationin thepathof theoriginalmotion.

Figure 7: The left imageshows a walking motion generatedto �t to a path that spells“Hello” in cursive. The right imageshows a karatemotion �t to the samepath. The
total calculationtime for the walking motion was58.1secondsandthe animationitself is 54.9seconds.The 87.7-secondkaratemotion wascomputedin just 15.0seconds.All
computationwasdoneon a1.3gHzAthlon.

Figure 8: Theseimagesareboth �ts to pathswhereinthe characteris requiredto walk, thensneak,and�nally performmartial artsmoves. The desiredtransitionpointsare
indicatedby wherethecurve changescolor. Notethatthecharacterboth�ts thepathaccuratelyandswitchesto theappropriatemotiontypecloseto thedesiredlocation.
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