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Abstract

Largemotiondatasetsoftencontainmany variantsof thesamekind
of motion, but without appropriatetools it is dif�cult to fully ex-
ploit this fact.Thispaperprovidesautomatedmethodsfor identify-
ing logically similar motionsin a datasetandusingthemto build
a continuousand intuitively parameterizedspaceof motions. To
�nd logically similar motionsthat arenumericallydissimilar, our
searchmethodemploysanovel distancemetricto �nd “close” mo-
tionsandthenusesthemasintermediariesto �nd moredistantmo-
tions. Searchqueriesareansweredat interactive speedsthrougha
precomputationthatcompactlyrepresentsall possiblysimilar mo-
tion segments. Oncea setof relatedmotionshasbeenextracted,
we automaticallyregister them and apply blendingtechniquesto
createa continuousspaceof motions. Given a function that de-
�nes relevantmotionparameters,we presenta methodfor extract-
ing motionsfrom thisspacethataccuratelypossessnew parameters
requestedby theuser. Our algorithmextendspreviouswork by ex-
plicitly constrainingblendweightsto reasonablevaluesandhaving
a run-timecostthat is nearlyindependentof thenumberof exam-
ple motions. We presentexperimentalresultson a testdatasetof
37;000frames,or abouttenminutesof motionsampledat60Hz.

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

Keywords: motioncapture,motionsynthesis,motiondatabases

1 Intr oduction

Largemotiondatasetsarenow commonplacein real-world projects
that requireexpressive characteranimation. Thesedatasetsare
valuablenot only becausethey containmany differentkindsof ac-
tions, but alsobecauseany particularactioncanhave many vari-
ants. This providesanimatorswith �e xibility in selectingmotions
appropriatefor speci�c circumstances.In particular, collectionsof
relatedmotionscanserve asraw materialfor algorithmsthatmake
continuous,parameterizedspacesof motion, allowing one to do
thingslike animatea kick simply by statingwherethetarget is. In
this manner, large motion capturedatasetsbring us closerto the
goal of beingableto createrealisticmotion simply by specifying
whatit is supposedto do.

This goal is still far from reality, however. A family of related
motionsis hardto exploit whenscatteredinsidea dataset; the in-
dividual motionsmust�rst be identi�ed andextracted.To do this,
userscurrentlymustscanthroughthedatasetandmanuallycropthe
framesof interest.This canbe tediousandtime-consuming,even
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whenthedatasetis annotatedwith descriptive labels.For example,
adata�le labelled“punch” mightcontainmany individualpunches
andrelatedbut distinctactionssuchasdodgingacounter-blow.

While thereis valuein simplyseeingwhatadatasethasto offer,
a useroftenhasa particularmotion in mind, suchasa punchthat
targetsa speci�c location. In this caseblendingtechniquescanbe
appliedto the extractedmotionsto producea parameterizedmo-
tion thatgivesauserdirectcontrolover relevantmotionproperties.
However, existingmethodsaredesignedfor smalldatasetsconsist-
ing exactly of examplemotionsthatevenly (thoughnot regularly)
samplea predeterminedrangeof variation. In a largedataset,the
usermay�nd many examplemotions,someof whichareredundant
andsomeof which arequitedissimilar, andtheseexampleswill in
generalyield a spaceof synthesizablemotionswhoseboundaries
arehardto predictin advance.

Thispaperpresentsautomatedtoolsfor locatinglogically similar
motionsegmentsin a datasetandusingthemto constructparam-
eterizedmotionsthat provide accurateandef�cient control. The
remainderof this sectionpresentsanoverview of our methodsand
a summaryof our contributions. Section2 discussesrelatedwork.
Next, Section3 providesdetailson how we searchfor similar mo-
tion segmentsandpresentssomeexperimentalresults. Section4
then explains how we build parameterizationsand illustratesour
techniqueonseveralexamples.Finally, Section5 concludeswith a
brief discussionof theadvantagesandlimitationsof ourmethods.

1.1 Overview

1.1.1 Searching Motion Data Sets

Given a segmentof the motion dataset (the query), our system
automaticallylocatesandextractsmotion segmentsthat are“sim-
ilar”, i.e., that representvariationsof the sameactionor sequence
of actions. Our methodusesthreekey ideas,eachof which is a
contribution to theproblemof searchingamotiondataset.

1. Multi-step search. Logically similar motionscanhave very
differentskeletalposes(Figure1), but existingcomputational
methodscanonly reliably �nd motionsthat arenumerically
similar to the query in the sensethat correspondingskeletal
posesare roughly the same(seeSection2.1). On the other
hand,in a large dataset it is likely that somelogically sim-
ilar motionswill also be numericallysimilar. We therefore
addrobustnessto thesearchby concentratingon�nding these
closermotionsandthenusingthemasnew queriesin orderto
�nd moredistantmotions.

2. Using time correspondencesto determine similarity . A
simpleway of measuringnumericalsimilarity is to identify
correspondingframesandcomparetheiraveragedistanceto a
thresholdvalue.We complementthis by analyzingthecorre-
spondencesthemselves: similar motionsarerequiredto have
“clear” time correspondences.This is basedon the intuition
that if two motionsaresimilar, it shouldbe easyto pick out
correspondingevents.

3. Interacti vity thr ough precomputation. To provide interac-
tivespeeds,wedonotstarteachsearchfrom scratch.Instead,
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Figure1: Logically similarmotionsmaybenumericallydissimilar. Left: A stand-
ing front kick vs. a leapingsidekick. Notethedifferencesin thearms,torsoposture,
andkick trajectory. Right: While thesetwo reachingmotionshave somewhatsimilar
skeletalpostures,thechangesin posturearein completelyoppositedirections.

we precomputea match web, which is a compactand ef�-
ciently searchablerepresentationof all possiblysimilar mo-
tion segments.

1.1.2 Creating Parameteriz ed Motions

Onceexamplemotionshave beenlocated,they canbe blendedto
make new motions. A blend is effectively a weightedaverageof
the examples,and the setof all blendsforms a continuousspace
of relatedmotions. This spacecanbeconvertedinto a parameter-
ized motion througha user-speci�ed parameterizationfunction f
thatpicksout relevantmotionfeatures.For example,f might com-
putethepositionof thehandat theapex of a reachor theaverage
speedandcurvatureof therootpathduringawalk cycle.

Abstractly, f mapsblendweightsto motionparameters.Ourgoal
is to computef � 1: givena setof targetparameters,we wantblend
weightsthatproducetheappropriatemotion. Sincef � 1 in general
hasno closedform representation,it is commonto approximateit
with scattereddatainterpolationmethodsthatassigneachexample
motion a blendweight basedon the distancebetweenits parame-
tersandthetargetparameters[Roseet al. 1998]. We usea similar
approach,but offer severalimprovementsoverpreviouswork:

1. Automation. Theuser's only taskis to supplyf; our system
handlesthe rest. In particular, we extendthe methodof Ko-
varandGleicher[2003] to automaticallyregistertheexample
motionssothey canbeblended.

2. Blend Weight Constraints. Blendingcanonly reliably cre-
atenew motionsneartheexamples,whichmeansonly a �nite
region of parameterspaceis accessible.In particular, blend
weightsshouldbeconvex or nearlyconvex sotheblendswill
representinterpolationsor limited extrapolationsof theexam-
ples.Existingmethodsplaceno constraintson blendweights
andcanbreakdown whenspeci�ed parametersarefar from
thoseof theexamplemotions.We ensurethatblendweights
areconvex or nearlyconvex, therebylimiting the allowable
amountof extrapolationand projectingunattainableparam-
eter requestsback onto the accessibleportion of parameter
space.

3. Accuracy. If the examplesare not suf�ciently closein pa-
rameterspace,direct applicationof scattereddatainterpola-
tion may yield inaccurateresults(Figure2). We correctthis
by automaticallysamplingthesetof valid blendsin orderto
denselysampletheaccessibleregionof parameterspace.

4. Ef�ciency . Large datasetsmay containmany examplemo-
tions. We automaticallyidentify and remove redundantex-
amplesto reducestoragerequirements.Also, while previous
methodshaveusedscattereddatainterpolationalgorithmsthat

Figure 2: Left: Six examplereachingmotionscreatea sparsesamplingof param-
eterspacethat leadsto an inaccurateparameterization.The dots indicateparameter
samplesand the yellow sphereshows the desiredlocationof the wrist. Right: We
automaticallygenerateadensersamplingthatprovidesgreateraccuracy.

requireO(n) time for n examples,our method's run time is
nearlyindependentof thenumberof examples.

2 Related Work

2.1 Searching for Motion

Oursearchproblemis relatedto timesequenceretrieval, whichhas
beenstudiedby thedatabasecommunityfor over a decade.Given
a distancemetric anda querytime sequence,the taskis to search
a databasefor time sequenceswhosedistanceto the query is ei-
ther below a thresholde or amongthe k smallest.Most proposed
solutionsfollow the GEMINI framework proposedby Faloutsos
et al. [1994]. First, a low-dimensionalapproximationis extracted
from eachtime seriesin thedatabase.Exampleapproximationsin-
cludethe�rst few coef�cients of aFourier[Agrawal etal. 1993]or
wavelet [ChanandFu 1999] transform,the averagevaluesin ad-
jacentwindows [Keoghet al. 2001],andboundingboxes[Vlachos
etal. 2003].Next, adistancemetricis de�ned over thisapproxima-
tion that underestimatesthe true distancebetweenthe time series.
Finally, theapproximatedsignalsarestoredin a spatialdatastruc-
turesuchasanR-tree[Guttman1984].

This approachprovides ef�cient pruning of portions of the
databasethataredistantfrom thequerywhile keepingdimension-
ality low enoughthatspatialaccessmethodsremainviable[Böhm
etal.2001].However, onedrawbackis thatadirectnumericalcom-
parisonis usedto determinesimilarity. With existing metrics,a
largedistancemayre�ect eitherthatmotionsareunrelatedor that
they are different variationsof the sameaction, and there is no
way to distinguishbetweenthesetwo cases. On the other hand,
a small distanceis a reasonableindicatorof similarity becauseit
implies that individual posesarenumericallysimilar. Our strategy
is henceto �nd closemotionsand thenusethemasnew queries
to �nd moredistantmotions,allowing us to uselower andmore
reliable distancethresholdswithout sacri�cing the ability to �nd
motionsthatarenumericallydistinct from thequery. This strategy
is inspiredby manifoldlearningalgorithmsthatuselocalneighbor-
hoodsof points to infer the structureof a low-dimensionalmani-
fold embeddedin ahigh-dimensionalspace[RoweisandSaul2000;
Tenenbaumet al. 2000]. JenkinsandMataríc [2002] useda simi-
lar strategy to extract motion primitivesfrom humanmotion data,
althoughtheir focuswason controlling robot motion, ratherthan
producinghigh-�delity animation.A secondlimitation of existing
searchalgorithmsis that they assumethe distancebetweenindi-
vidual dataelements(i.e., skeletalposes)canbecomputedwith an
Lp norm. Framedistancemetricsthat representorientationswith
quaternions[Lee et al. 2002; Wang and Bodenheimer2003] fail
this criterion. We allow arbitrarydistancemetricsto be usedfor
individual frames.

Content-baseddatabaseretrieval hasappearedin a numberof
graphicscontexts, including images[Castelli andBergman2001],
video [Veltkampet al. 2001], and 3D models[Funkhouseret al.
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2003].To searchmotioncapturedatasets,Cardleetal. [2003]used
a variantof the GEMINI framework discussedearlier in this sec-
tion. Liu et al. [2003] automaticallyextractedkeyframesfor each
motionin a databaseandusedthesekeyframesto constructa hier-
archicaltreeof clustersof motions,with deeperlevels of the tree
correspondingto joints deeperin theskeletalhierarchy. To process
a query, theclosestleaf clusterwasfoundandits motionsweredi-
rectlycomparedagainstthequery. Thisalgorithmalsousesadirect
numericalcomparisonto determinesimilarity, andit is designedto
compareentiremotionsagainsta query, whereasour algorithmis
alsoableto comparesubsectionsof motions.

In orderto automaticallyconstructtransitions,severalrecentre-
searchefforts have identi�ed locally similar regions in a motion
dataset [Arikan andForsythe2002;Arikan et al. 2003;Kim et al.
2003;Kovar et al. 2002;Leeet al. 2002;WangandBodenheimer
2003]. We, in contrast,areinterestedin �nding entiremotionsthat
are similar. For the caseof rhythmic motion, Kim et al. [2003]
automaticallyidenti�ed similar motionsby usingbeatanalysisto
segmenta motiondatasetandthenclusteringmotionsbasedupon
a similarity metric. Our methodappliesto moregeneraldatasets
andis gearedtowardcontent-basedsearchratherthanclustering.

The problemof searchingfor motionsis relatedto that of gen-
eratingdescriptive labels.Arikan et al. [2003] usedsupportvector
machinesto automatetheprocessof annotatinga motiondataset.
While their techniquewasnot designedto provide precisebound-
ariesbetweendifferentactions,evenacoarsesetof annotationscan
makedatabasesearchmoreef�cient androbust(seeSection3).

2.2 Parameterizing Blends

Wiley andHahn[1997]andtheVerbsandAdverbssystemof Rose
etal. [1998]pioneeredthetechniqueof building parameterizedmo-
tions from blendsof capturedexamples. Subsequentpapershave
furtherdevelopedtheunderlyingblendingmechanisms[Kovar and
Gleicher2003]andhaveprovidednew methodsfor parameterizing
thespaceof blends[Roseetal. 2001;Parket al. 2002].This previ-
ouswork hasassumedthat theexamplemotionshave beenidenti-
�ed andcroppedfrom theoriginal dataset,whereaswe provide an
automatedmethodfor extractingthem.Additionally, weshow how
to build accurateparameterizationsthatoffer greaterrun-timeef�-
ciency thanpreviousmethodsandthatguaranteethatblendweights
have reasonablevalues.The remainderof this sectionexpandson
previouswork relatingto theparameterizationof blends.

Many methodsfor building parameterizedmotionsdonotensure
that the actualparametersof synthesizedmotionsarethe sameas
thedesiredparameters.This is reasonablefor qualitativeproperties
like “happiness”,wherestrict accuracy is not necessary[Unuma
et al. 1995;Roseet al. 1998]. Similarly, strict accuracy is unnec-
essaryif blendingis not beingusedto directly control parameters
of interest. For example,while Park et al. [2002] usedblending
to createlocomotionwith speci�ed speedand curvature, the ac-
tual pathof the root wasdeterminedthrougha user-speci�ed tra-
jectory. Nonetheless,in many casesaccurateparameterizationsare
essential. Roseet al. [2001] improved the accuracy of scattered
datainterpolationby addingadditionalsamplesto parameterspace.
Speci�cally, they identi�ed setsof targetparametersfor which the
approximationwasparticularlypoor andusedgradientdescentto
�nd blendweightsthatyieldedthoseparameters.Weoffer analter-
natesolutionbasedon moredirectly samplingthespaceof blends.
Thegeneralstrategy of samplingthespaceof blendswaspreviously
usedby Wiley andHahn[1997] to obtainregularsamplingsof pa-
rameterspaceandby ZordanandHodgins[2002] to generatedense
setsof examplemotionsasanaid for inversekinematicstasks,al-
thoughtheseeffortswerenot focusedonimproving theaccuracy of
parameterization.Also, weexpandon thispreviouswork by show-
ing how to restrictblendweightsto reasonablevaluesandhow to
samplein away thatscaleswell to largenumbersof examples.

A numberof previous efforts have performedscattereddata
interpolationby computinga best-�t linear map betweenblend
weightsandmotionparametersandthenaddingradialbasisfunc-
tionscenteredon eachexample[Roseet al. 1998;Park et al. 2002;
Roseetal. 2001].Thiscanproduceblendweightscontaininglarge
negativeweights[Allen etal. 2002],andif theuserrequestsparam-
etersfar from theexamples,blendweightsarebasedpurelyon the
linearapproximationandhenceareeffectively arbitrary. Also, the
run time of this algorithmis O(n) for n examplemotions.We pro-
poseinsteadusingk-nearest-neighborsinterpolation,assuggested
by Allen et al. [2002]. This allows usto explicitly constrainblend
weightsto reasonablevalues,projectpointsoutsidetheaccessible
regionof parameterspacebackontoit, andcomputeblendsin time
thatis nearlyindependentof thenumberof examplemotions.

Onepopularapplicationof parameterizedmotion is to control
inversekinematics(IK) taskssuchas reaching[Wiley and Hahn
1997;Roseet al. 2001].Grochow et al. [2004] recentlyintroduced
an alternateapproachbasedon usingmotion capturedatato con-
structprobabilisticmodelsof individual skeletalposes.

3 Searching for Motions

A motion is a continuousfunction M(t) that is regularly sampled
into framesM(ti), whereeachframeis askeletalposede�nedby its
joint orientationsandthepositionof the root joint. Givena query
motion Mq that is a segmentof somemotion in the dataset,our
goal is to �nd othermotion segmentsthat aresimilar to M q, i.e.,
segmentsthat representvariationsof the sameaction. We refer
to theseasmatches. Onechallengein �nding matchesis that in-
dividual framesarehigh-dimensionalobjectswith non-Euclidean
distancemetrics[Kovar et al. 2002;Lee et al. 2002]. As a result,
traditionalmethodsfor organizingthedatainto a spatialhierarchy
(suchasaBSP-tree)cannotbedirectlyapplied[Böhmetal. 2001].
A secondchallengeis thatlogicallysimilarmotionsmaybenumeri-
callydissimilarin thesensethatcorrespondingposesmayhavevery
differentjoint orientationsandangularvelocities(Figure1). Tradi-
tionalsearchalgorithmsimplicitly equatenumericalsimilarity with
logical similarity, andasa resultthey havedif�culty distinguishing
motionsthatareunrelatedfrom thosethataredifferentversionsof
thesamekind of action(seeSection2.1).

Our searchstrategy is to �nd “close” matchesthat arenumeri-
cally similar to thequeryandthenusethemasnew queriesto �nd
more distantmatches. Our algorithm for determiningnumerical
similarity allowsarbitrarymetricsfor comparingindividual frames,
andtiming differencesarefactoredout to allow matchesto be of
differentdurationthanthequery. A userexecutesa searchby pro-
viding a queryanda distancethresholdthat is usedto determine
whethertwo motion segmentsare numericallysimilar. Numeri-
cally similar matchesarethenidenti�ed andautomaticallysubmit-
ted asnew queries,andthe processiteratesuntil no new matches
arefound. Sinceeachmatchspawnsa new query, it is crucial that
individual queriesbe processedquickly. In particular, we would
like searchingto be fastenoughthat thedistancethresholdcanbe
tunedinteractively. To make this feasible,we preprocessthe data
setinto amatch web, which is acompactandef�ciently searchable
representationof all motionsegmentsthat,givenasuf�ciently large
distancethreshold,wouldbeconsiderednumericallysimilar.

One dif�culty is that numericallysimilar motionsmay not be
logically similar. For example,theoverall structureof amanwalk-
ing looksmuchlike thatof a womanwalking, andreachingfor an
objectappearsquitesimilar to simply touchingit. This problemis
hardto correctbecauseit involveshigh-level understandingof what
motionsmean. For an unlabelleddataset,we requireusersto in-
dependentlycon�rm thatmatcheshave thecorrectmeaning.How-
ever, mostlargedatasetscontainsomesortof descriptive labels—
if nothingelse,a �lename or locationin thedirectoryhierarchy can
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Figure3: Timealignmentsmustbecontinuous,monotonic,andnon-degenerate.

serve ascluesto a motion's contents.Whenlabelsarepresent,we
limit oursearchto semanticallyrelevantpartsof thedataset.

In theremainderof this section,we describeour criteria for de-
termining whethertwo motion segmentsare numericallysimilar,
explain how to build matchwebsandusethemto quickly answer
similarity queries,andpresentexperimentalresults.

3.1 Criteria for Numerical Similarity

Two criteriaareusedto determinenumericalsimilarity:

1. Correspondingframesshouldhavesimilar skeletonposes.

2. Framecorrespondencesshouldbe easyto identify. That is,
relatedeventsin themotionsshouldbeclearlyrecognizable.

Both criteria involve framecorrespondences,sowe �rst discuss
how to obtainthese.Werequirethesetof framecorrespondencesto
form a continuous,monotonicallyincreasing,andnon-degenerate
mappingbetweenframes,which we call a time alignment(Fig-
ure 3). The non-degeneracy conditionlimits the time alignment's
slopeto bebetween1

k andk for somek � 1, which in thediscrete
casemeansthat at most k framesof one motion can be mapped
to a singleframeof the other. Intuitively, this restrictsmotionsto
being locally spedup or slowed down by at most a factor of k.
Given a distancefunction d for individual frames,dynamicpro-
grammingcanbeusedto computeanoptimal time alignmentthat
minimizesthetotal distancebetweenmatchedframes.SeeBruder-
lin andWilliams [1995]andKovar andGleicher[2003] for details.
Several optionsexist for the framedistancefunction; we usethe
onesuggestedby Kovaretal. [2002].

An analysisof the time alignmentdetermineswhethertwo mo-
tion segmentssatisfythenumericalsimilarity criteria. We startby
computingd for every pair of frames,forming a grid of distances
wherecell (i; j) speci�esd

�
M1(ti);M2(t j )

�
(Figure4). The time

alignmentis apathonthisgrid from thelowerleft to theupperright
thatminimizesthetotalcostof its cells.To testthe�rst criterion,we
�nd theaveragevalueof thecellson thispathandcompareagainst
a user-speci�ed thresholde. We usetheaveragevalueratherthan
thetotal in orderto measuredistanceindependentlyof pathlength.

Thesecondcriterioncanbeinterpretedin termsof thelocal op-
timality of the time alignment.If a cell on the time alignmentis a
horizontalor vertical1D localminimum,thentheframecorrespon-
denceisstrongin thesensethatholdingoneframe�x edandvarying
the otheronly yields moredissimilarskeletalposes.To illustrate,
considerthetopof Figure4, whichshows thedistancegrid for two
differentwalk cycles. The magentapathon the left is the calcu-
latedtime alignmentandthehighlightedcellson theright show all
of the horizontalandvertical 1D minima. Note that nearlyevery
cell on thetime alignmentis oneof theseminima. This is because
framesat thesamepoint in thelocomotioncyclearefarmoresimi-
lar thanframesthatareoutof phase.Thebottomof Figure4 repeats
this analysisfor two kicking motions. While the averagedistance
betweencorrespondingframesis about5 timeshigher, framesat
relatedpartsof thekick (chambering,extension,andretraction)are
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Figure4: Comparingtimealignments(magentacellsontheleft) with localminima
locations(yellow cellsontheright). Darkerpixelsshow smallerframedistances.Local
minimalocationswerenot usedwhencomputingthetimealignments.Top: Two walk
cycles.Bottom: Two kicks.

Figure5: Localminima(magenta)areextendedto form thevalid region (yellow).

still moresimilar thanpairsof unrelatedframes.This is again re-
�ected in thelocalminimaof d: about60%of thetimealignment's
cellsare1D minima,andtherestarecloseto 1D minima.

Ideally every cell on the time alignmentwould bea local mini-
mum,sincetheneachcorrespondencewouldbe“obvious”. In prac-
tice, however, this is overly restrictive. The �nite samplingrate
causesnoisein theexactlocationof minima,andmotionsthathave
stretchesof similar frames(e.g.,pauses)producebasinsin thedis-
tancegrid wherethe locationsof minima areeffectively arbitrary.
We thereforeinsteadrequirecellson thetime alignmentto benear
1D minima. To enforcethis, we computeall 1D local minimaand
extendeachonealongthedirectionsin which it is aminimum(hor-
izontal, vertical, or both) until a cell is encounteredwhosevalue
is at leasta percentlarger thanthe minimum's value,wherea is
de�ned by the user(seeFigure5; we seta to 15%). We call the
resultingregion on thegrid thevalid region. Thetime alignmentis
restrictedto thevalid region,which involvesa simplemodi�cation
of standarddynamicprogrammingalgorithms. If no time align-
mentcanbecreatedunderthis restriction,thenthemotionsfail the
secondcriterionandareconsidereddissimilar.

3.2 Match Webs

We now turn to theproblemof precomputingall potentialmatches
for eachmotion segmentin the dataset. Without lossof general-
ity, we limit thediscussionto �nding segmentsin a singlemotion
M1 thatarenumericallysimilar to another(possiblyidentical)mo-
tion M2; if a datasethasmany motions,thenthey arecompared
pairwise. Considerthe distancegrid formedby computingd for
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Figure 6: Any subregion of anoptimaltime alignmentfor M 1[a;b] andM2[c;d] is
anoptimaltimealignmentfor two shortermotionsegmentsM 1[a0;b0] andM2[c0;d0].

every pair of framesand let M i [q; r] denotethe motion segment
M i(tq); : : : ;M i(tr ). Two motion segmentsM1[a;b] and M2[c;d]
arepotentiallysimilar if thereis somedistancethresholdfor which
they arenumericallysimilar underthecriteriaof Section3.1. For
this to hold, theremustexist at leastone time alignmentstarting
at cell (a;c) andendingat cell (b;d) that is everywhereinsidethe
valid region andobeys the restrictionsshown in Figure3. If not,
thenM1[a;b] andM2[c;d] cannotbe numericallysimilar. Other-
wise, dynamicprogrammingprovidesthe optimal time alignment
betweenM1[a;b] andM2[c;d].

Two observationscannow be madethat allow us to compactly
representall potentially similar motion segments. First, if cells
(a;c) and(b;d) canbeconnectedwith avalid timealignment,then
it is likely thatnearbypairs(a� d;c� d), (b� d;d � d) canalso
be connected.In other words, we can perturbthe boundariesof
M1[a;b] andM2[c;d] to �nd otherpotentiallysimilar motionseg-
ments. It thereforemakes senseto identify locally optimal pairs
of motion segmentswherethe time alignmenthasa locally mini-
mal averagecell value.Second,any subsectionof theoptimaltime
alignmentfor M1[a;b] andM2[c;d] is itself anoptimal time align-
mentfor motionsegmentsinsideM 1[a;b] andM2[c;d] (Figure6).
This is a naturalconsequenceof optimality: the pathconnecting
any two cellson a time alignmentmustbeoptimalbecauseother-
wisewe couldchoosea differentpaththatwould lower theoverall
cost. Henceanoptimal time alignmentrepresentsanentirefamily
of potentiallysimilarmotionsegments,not justasinglepair.

In light of theseobservations,wesearchfor longpathsonthedis-
tancegrid thatcorrespondto locally optimal time alignments.We
startby looking for chainsof 1D minima that satisfythe continu-
ity, monotonicity, andnon-degeneracy restrictions.First,we locate
all minima that have no neighborsto the left, bottom,or bottom-
left, sincethesecannotbein the interior of a chain. Thenfor each
of theseminima we form a chainby iteratively searchingthe top,
right, andtop-right cells for otherminima,makingsurealongthe
way thatthenon-degeneracy conditionis not violated.Sincesome
localminimaarespurious— for example,walk cyclesthatare180
degreesout of phasehave local minima at frameswherethe legs
areclosesttogether— someof thesechainswill notbemeaningful.
As a heuristic,we simply remove chainsbelow a thresholdlength
(0:25s in our implementation).Eachremainingminimachainis a
locally optimaltime alignmentsincemoving any cell increasesthe
averagedistance.

Sincethe preciselocation of an individual minimum is some-
whatarbitrary(Section3.1),nearbyminimachainsthatoughtto be
connectedmay be separate.To be conservative, we considercon-
nectingany two chainsaslong astheconnectingpathis insidethe
valid region of thegrid andhasa length(measuredvia Manhattan
distance)lessthana thresholdL, which was2s in our implementa-
tion. For eachchainC, we identify otherchainsC0 in thevicinity.
Wethencomputefor eachcellCi onC theoptimalpathto eachcell
onC0whoseManhattandistanceto Ci is lessthanL. Thepathwith
thesmallestaveragedistanceis retainedasthe�nal connection,or

Figure 7: To build a matchweb, we computethe distancebetweenevery pair of
frames,�nd chainsof local1D minima,andaddbridgesthatconnectnearbychains.A
matchwebbuilt at low resolutionmaybere�ned atahigherresolution.

1 2 3 4

Figure 8: To re�ne a chain, it is �rst padded(1) and upsampled(2) to form a
searchregion. New endpointsarethenfoundvia local search(3) andconnectedwith
anoptimalpath(4).

bridge, betweenC andC0. Note that becausebridgesmustbe in-
sidethevalid region,nearbychainsmaynot beconnectable.Also,
this restrictionmakesbridgecalculationmoreef�cient becausethe
dynamicprogrammingalgorithmprocessesfewercells.

The result of this procedureis a network of pathson the dis-
tancegrid,someof themminimachainsandothersbridgesbetween
chains(Figure7). This network representsall potentiallysimilar
pairsof motionsegments,andwe referto it asa matchweb. Start-
ing from any cell on any pathof the matchweb,we cangenerate
a time alignmentby travelling further down the pathandpossibly
branchingoff ontoconnectingpaths.While this time alignmentis
not necessarilyoptimal,it is closeto optimalsinceevery cell is ei-
thera localminimumor hasadistancevaluecloseto anearbymin-
imum. Also, matchwebscanbe storedcompactlysincewe need
only retainthegrid positionandvalueof eachcell oneachpath.

Match webs can be constructedmore ef�ciently by building
themat a low resolutionandthenre�ning themat higher resolu-
tions. The lowestresolutionmatchweb is built by downsampling
M1 andM2 andrunningthealgorithmdescribedabove. Eachmin-
ima chain is then re�ned as shown in Figure 8: �rst, the chain
is paddedandupsampledto form a searchregion, thennew end-
pointsareplacedat thesmallest-valuedcells in thevicinity of the
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M1

a

b

c5c4c3c2c1

M2

Figure9: A simplesearchexamplefor thequeryM 1[a;b]. Therearethreepotential
matches:M2[c1;c2], M2[c1;c4], andM2[c3;c5].

old endpoints,and�nally thesepointsare joined with an optimal
path. Eachbridge is handledsimilarly, except the endpointsare
restrictedto be on the re�ned versionsof the chainsit connects.
Figure7 showsanexampleof re�ning a low-resolutionmatchweb.

3.3 Searching With Match Webs

Given a match web for M1 and M2, a query motion segment
M1[a;b], anda distancethresholde, we now explain how to locate
numericallysimilar motionsegmentsin M 2. Thesearchalgorithm
essentiallyintersectsthe matchweb with the rectanglede�ned by
theregion from row a to row b, asshown in Figure9. Let a match
sequencebeasequenceof cellsformedby selectingany cell of any
pathon thematchwebandthentravelling down thatpath,possibly
branchingoff onto connectingpaths. We areinterestedin �nding
all matchsequencesthat spanfrom row a to row b. We startby
�nding everypaththatcontainsacell in row a. For eachsuchpath,
the leftmost (i.e., earliest)cell in row a serves as the initial cell
of a matchsequence.We checkwhetherthepathcontainscells in
row b, andif so,we returna matchsequenceformedby appending
all cells up to the last onein row b. We next considerbranching
off ontoconnectingpathsto searchfor additionalmatchsequences.
This is doneby walkingdown thepathuntil weeitherreachits end
or a cell in row b, addingcellsto thematchsequenceaswe go and
recursively processingeachconnectingpaththatis encountered.

Eachmatchsequenceis a timealignmentbetweenthequeryand
a potentialmatchin M2 de�ned by thematchsequence's �rst and
last columns. Any matchsequencewhoseaveragecell value is
greaterthane is discarded.While eachremainingmatchsequence
technicallyprovidesa matchto the query, someof thesematches
signi�cantly overlapandhenceareredundant.In Figure9, for ex-
ample,this is true of M2[c1;c2] andM2[c1;c4]. To remove these
redundancies,we sort the matchesin orderof increasingaverage
distanceandplacethemin anarray. The�rst elementof this array
is thenreturnedasa match,andevery otherelementthatoverlaps
with it by morethana thresholdpercentages is discarded.This
procedureiteratesuntil nomatchesareleft.

So far we have found the matchesthat areclosestto the query,
which we call �rst-tier matches. To �nd more distantmatches,
the searchalgorithm is repeatedfor each�rst-tier match, yield-
ing second-tiermatches.This continuesuntil no new matchesare
found. In this mannera graphis built wherethe nodesare mo-
tion segmentsandedgesbetweennodesindicatethat thesegments
arenumericallysimilar. We call this datastructurea match graph
(Figure10). Eachedgeis associatedwith a time alignmentandis
assigneda costequalto the averagevalueof the time alignment's
cells. We de�ne thedistancebetweentwo nodesasthecostof the
minimal-costconnectingpathonthematchgraph.Thematchgraph

Figure 10: An examplematchgraph.Thequeryis in thedottedbox andtheother
nodesarematches.Edgesindicatenumericalsimilarity.

canby itself beof interestsinceit depictsnumericalsimilarity re-
lationshipsin thematches.To illustrate,Figure10 shows a match
graphwherethequerywasa front kick; notetheprogressionfrom
front kick to standingsidekick to leapingsidekick.

Whenprocessingqueriesother than the initial query, we must
decidewhethereach“new” matchis aheretoforeunseenmotionor
aduplicateof anexistingmatch.Whendoingthis,wemustaccount
for thefactthat,in practice,duplicateswill overlapagreatdealbut
not spanidenticalintervalsof frames.Let M be thecurrentquery
and M0 be a newly identi�ed match. We start by comparingM 0

againsteachnodeandrecordthe onewith the greatestdegreeof
overlap,Mmax. If this maximumoverlap is lessthana tolerance
s , M0 is addedto the matchgraphasa new nodealongwith an
edgeconnectingit to M. If themaximumoverlapis greaterthans ,
thentheframeinterval of Mmax is averagedwith thatof M0andan
edgeis addedbetweenM andM max. Otherwise,M0 is discarded.
Appropriatevaluesfor s ands dependon the query. In general,
we have found s � 80% ands � 20% to work well, but queries
involving multipleperiodsof acyclic motion(e.g,walking) require
largervaluesof s to allow greateroverlapin distinctmatches.

3.4 Experimental Results

We testedour matchweb implementationon a dataset contain-
ing 37,000frames,or a little over 10 minutesof motion sampled
at 60Hz. This datawasdivided into thirty �les rangingin length
from 3s to 75s,andit includedboth motionswherethe actorper-
formeda scriptedsequenceof speci�c movesandmotionsconsist-
ing of randomvariationsof the sameaction. The former classof
motionsincludedpickingupandputtingbackobjectsatprede�ned
locations,walking/joggingin a spiral at differentspeeds,stepping
onto/off of platformsof variousheights,andsitting down/standing
up usingchairsof variousheights.Thelatterclassof motionscon-
sistedof kicks,punches,cartwheels,jumping,andhoppingon one
foot. All experimentswereranon a machinewith 1GB of memory
anda1.3GHzAthlon processor.

Figure11showssomequerymotionsandthesetsof thematches
returnedby oursystem.In eachcase,theentiresearchprocesstook
lessthanhalf a second.Manuallycroppingmatchesfrom thedata
setwith similar precisionwould bequite tedious,especiallyin the
caseof thewalkingquery, where95matcheswereidenti�ed.

Theremainderof this sectionprovidesdetailson theprocessing
timeandstorageneededto build matchwebsandexecutesearches,
presentsresultson theaccuracy of thesearch,andbrie�y discusses
someadvantagesandlimitationsof ourapproach.

Time and Storage. We initially constructeda matchweb for the
entiredatasetby building alow resolutionversionat10Hzandthen
re�ning it in two stages,�rst to 20Hzandthento 60Hz. Thetotal
computationtimewas50.2minutes.Withoutcompression,thesize
of thematchwebondiskwas76.2MB.While this is threetimesthe
sizeof the original data,it nonethelesscomfortably�ts into main
memory. Applying a standardcompressionalgorithm(Lempel-Ziv
encoding,asimplementedin gzip) reducedthe sizeby a factorof
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Figure 11: In clockwiseorder from the upperleft, searchresultsfor reaching,
kicking, walking,andjumping.Querymotionsaregreenandmatchesareblue.

threeto 24.6MB.Findingmatchesfor a1.5squerytookonaverage
0.024s.Sinceeachmatchis usedasa new query, the time needed
for a full searchdependson how many matchesarefound — for
example,�nding 100matcheswould takeabout2.4s.

Using just thenamesof thedata�les, we next divided thedata
setinto six categories:cartwheels,�ghting, reaching,locomotion,
jumping/hopping,and miscellaneous. Each individual data �le,
however, still containedmultiple actions;for example,one“reach-
ing” �le containedsix reachingmotions,many walk cycles, and
somemotion of the actorreadyinghimself. Separatematchwebs
werebuilt for eachcategory, which took a total of 3.4minutesand
consumed45MB of diskspacewithoutcompression.Searchingthe
reachingandlocomotionmatchwebs,whicheachcomprisedabout
a quarterof the data,took on average0.006sfor a 1.5squery, or
aboutaquarterof thetimeneededin theunlabelledcase.Thesere-
sultsmaybeinterpretedasfollows. Building a matchwebrequires
O(n2) time for a datasetof n frames,andsodividing thedataset
into six piecesshouldreducecomputationtime by roughly an or-
derof magnitude(seeSection5 for morediscussiononscalability).
On the otherhand,motionsin differentcategoriestendto be dis-
similar andhencehave sparsematchwebs,sodividing up thedata
setproducesamoremodestsavingsin storagethanin computation
time. The reducedsearchtime stemsfrom our searchalgorithm
being linear in the sizeof the dataset, so smallerdatasetsyield
proportionatelyfastersearches.

Accuracy. To test the accuracy of the searchresults,we �rst re-
strictedsearchesto data�les in thesamesemanticcategory asthe
query. We enteredqueriesof walking, jogging, jumping,hopping,
punching,cartwheeling,sittingdown/standingup,steppingonto/off
of platforms,kicking, and picking up an object. For eachquery
we attemptedto �nd a distancethresholdthat would �nd all log-
ically similar motion segments(identi�ed manually)and nothing
else.Thiswaspossiblefor all but thelasttwo queries.For thekick
query, we wereableto �nd all kicks involving thesameleg except
for a spinningbackkick. This kick wassuf�ciently differentthatit
did not have strongtime correspondenceswith any otherkick (cri-
terion 2 in Section3.1). For the queryof a characterpicking up
anobjectfrom a shelf,thesystemreturnedevery motioninvolving
reachingto theshelf,but in half thecasesthecharacterwasputting
the objectback. A humancandistinguishthesemotionsbecause
thereachingarmis initially hangingdownwardswhenpicking the
objectup andbentwhenputtingit back(seeFigure12). However,
thisdifferenceis suf�ciently subtlerelative to therestof themotion
thatoursystemcouldnotdiscernit.

We next ranthesameexperimentsusingtheoriginal,unlabelled
dataset. The resultswere identical, with two exceptions. First,
morematcheswerereturnedfor thewalkingquery, sincesomemo-
tionsnot labelledaslocomotioncontainedshortsegmentsof walk-
ing. Second,for the reachingquery we found that any distance

Figure 12: Due to their strongnumericalsimilarity, our systemconfusespicking
upanobject(left) with puttingit backto thesamelocation(right).

Figure 13: Left. Relative to a middle reach(1), a high reach's (2) numerical
distanceis comparableto looking over one's shoulder(3), but it is closerin termsof
graphdistance.Right. For a queryof a lower-left reach(1), any thresholdthatreturns
an upper-right reach(2) asa �rst-tier matchalso returnsspuriousmatches,suchas
walking (3).

thresholdlarge enoughto returnall of the dataset's 17 reaching
motions also included spuriousmatches. This is becausesome
reachingmotionswere suf�ciently different than the othersthat,
in termsof ournumericalsimilarity metrics,they werecomparable
to logically unrelatedmotionssuchaslooking over one's shoulder
(Figure13). However, whensortedin orderof increasingdistance
to thequery, the�rst 17matcheswerethetruereachingmotions.

Discussion.Our searchalgorithmde�nes matchesasmotionseg-
mentsthatareeithercloseto thequeryor connectedto it via a se-
quenceof closeintermediarymatches.This allows oneto �nd dis-
tantmatcheswhile still usingsmaller, morereliabledistancethresh-
olds that pruneunrelatedmotion segments.For example,given a
queryof someonereachingto the lower left, any distancethresh-
old large enoughfor an upper-right reachto be consideredclose
(i.e.,a �rst-tier match)alsoproducedmany spuriousmatches,such
aswalking motions(Figure13). On theotherhand,usinga lower
thresholdandmulti-stepsearchcorrectlyidenti�ed theupper-right
reachascloserto thequerythanany othernon-reachingmotion.

Nonetheless,somematchesmaybesuf�ciently far from theoth-
ersthatto �nd themonemustuseathresholdwhichwill alsoreturn
spuriousmatches.Sincethesespuriousmatchesareusedasnew
queries,they canleadto additionalspuriousmatches.Two possi-
blesolutionsareto incorporatesemanticinformation,whichprunes
the spaceof candidatematches,andto sort the matchesbasedon
shortest-pathdistanceto the query, on the assumptionthat spuri-
ousmatcheshave a greatertotal distancethantruematches.In our
experiments,bothof theseweresuccessful.

If onelogical matchis very far from theothers,thenit maynot
bepossibleto generatecleartime correspondenceswith any other
match(that is, the secondcriterion of Section3.1 would fail). In
this case,thatmatchwill not bepartof thematchwebandcannot
befoundby our system.We believe this is reasonablebecauseour
ultimategoal is to blendthe matchesto createparameterizedmo-
tions,anda matchthat is this differentfrom theothersis unlikely
to yield successfulblends.

4 Parameterizing Motion

Onceexamplemotionshavebeencollected,they canbeblendedto
createnew motions[Wiley andHahn1997;Roseetal. 1998].Sev-
eral blendingalgorithmsarein the literature;we usethe onesug-
gestedby Kovar andGleicher[2003]. While a synthesizedmotion
can be adjustedsimply by varying the blend weights, in general
blendweightshave no simplerelationshipto motion features.To
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providemoreintuitivecontrol,weparameterizethespaceof blends
accordingto a user-suppliedparameterizationfunctionf thatcom-
putesrelevant propertiesof the initial querymotion M q. For the
following discussion,we assumethat the inputsto f are joint po-
sitionsandorientations.This allows a wide rangeof propertiesto
serveasthebasisfor theparameterization,includingthelocationof
anendeffectorat a point in time; theaverage,minimum,or maxi-
mumangularvelocityof a joint; or featuresof aggregatequantities
suchasthecenterof mass.

Abstractly, f mapsa setof blendweightsw to a parametervec-
tor p. Our goal is to invert this function: given a setof parame-
ters, we want blend weightsthat producethe correspondingmo-
tion. Unfortunately, in generalf � 1 hasno closedform represen-
tation. Moreover, sincethe numberof examplesis almostalways
greaterthanthedimensionalityof theparameterspace,f is amany-
to-onefunction, and thuscomputingf � 1 is an ill-posedproblem.
In light of this, we usescattereddatainterpolationto constructan
approximaterepresentationof f � 1 from a setof discretesamples
(p1;w1); : : : ; (pn;wn). The ith examplemotion M i is associated
with asamplewherep = f(M i) andw has1 in theith positionand0
everywhereelse.Givena new setof parametersp0, nearbyparam-
eter samplesare identi�ed, and their blend weightsare averaged
accordingto the distanceto p0. This procedureusesthe sampled
blendweightsto restrict the setof possibleoutputblendweights,
makingthecomputationof f � 1 well-posed.

Theapproximationto f � 1 becomesmoreaccurateastheparame-
terspaceis sampledmoredensely, andin thelimit thesamplespro-
videa lookuptablethatdirectlymapsparametersto blendweights.
Uniform samplingis alsodesirablebecauseclustersof samplescan
skew theapproximation.For instance,if theclosestneighborsare
all duplicatesof thesamesample,theapproximationsimplyreturns
that sample.However, the samplingof parameterspaceprovided
by theexamplemotionsis not guaranteedto bedenseor uniform,
andhencetheapproximationof f � 1 maybe inaccurate(Figure2).
To correctthis, we generateblendsto createadditionalsamplesof
f� 1, with thegoalof ensuringthat theparameterspaceis sampled
denselyanduniformly. This requiresaddressingthe following is-
sues:

1. Motion registration. Motionsmustberegisteredin time be-
forethey canbeblended.Weexploit thestructureof thematch
graphto automaticallyregistertheexamplemotions.

2. Sampling strategy. To scaleto large numbersof examples,
we samplesubsetsof blendweightsby �nding setsof exam-
ple motionsthatarenearbyin parameterspace.Theseblend
weightsareconstrainedto reasonablevaluesthatrepresentei-
therinterpolationsor limited extrapolations.

3. Fast interpolation that preservesconstraints. We usea k-
nearest-neighborstechniquethatis ef�cient for largeexample
setsandrespectsblendweightconstraints.

In theremainderof thissection,weprovidemoredetailsoneach
of thesemattersandconcludewith someexampleresults.

4.1 Registration

Motions are registeredin time through a timewarp curve s(u),
which is a continuousanalogueof a time alignment. If thereare
Ne examplemotions, then eachpoint on s is an Ne-dimensional
vectorspecifyinga setof correspondingframetimes.Eachdimen-
sionof s is requiredto bestrictly increasingso thatgivena frame
of motion, the associatedpoint on s can be uniquely identi�ed.
While earlywork in motionblendingconstructedtimewarpcurves
manually [Roseet al. 1998], more recentwork [Kovar and Gle-
icher 2003] hasautomaticallydeterminedframecorrespondences

by minimizing the distancebetweenmatchedframes. This is ac-
complishedthroughthesamedynamicprogrammingmethodsthat
werediscussedin Section3. While this strategy workswell when
motionsareclose,it canfail for moredistantmotions.For example,
if two reachingmotionstarget very different locations(Figure1),
thenframesat theapex of eachreacharethemostdissimilar in the
two motions. Theoptimizationwill henceexplicitly avoid match-
ing theseframestogether.

This problemcanbeavoidedby using“in between”motionsto
infer the timing relationshipbetweendistantmotions. We startby
using Dijkstra's algorithm to identify the shortestpath from the
query Mq to every other motion in the matchgraph. Any edge
that is not on one of theseshortestpathsis discarded. For each
remainingedge,we usedynamicprogrammingto calculatea new
time alignmentfor thenodesit connects.This is reasonablesince,
by construction,edgeson thematchgraphonly connectclosemo-
tionswith “obvious” time correspondences(Section3.1). We next
�t an endpointinterpolating,strictly increasingsplineto the time
alignmentto generateapropertimewarpcurve[KovarandGleicher
2003]. Given a frameof Mq, we cannow �nd the corresponding
framein any othermotionby walkingdown theshortestpath,using
thetimewarpcurveateachedgeto convert theframeof thecurrent
motionto thecorrespondingframeof thenext motion. In thisman-
nerfor any frameMq(tq) we cangeneratea framecorrespondence
(Mq(tq);M1(t1); : : : ;MNe� 1(tNe� 1)) . Finally, to generatea time-
warpcurve for theentirematchgraph,wesampleM q to generatea
densesetof theseframecorrespondencesand�t anNe-dimensional,
strictly increasing,endpointinterpolatingspline.

If any partof theparameterizationfunctioninvolvestheskeletal
con�guration on a speci�c frameM q(t0), thenthis frameindex t0
is convertedto thecorrespondingindex u0 on the timewarpcurve.
This allows the parameterizationfunction to be computedfor any
otherexamplemotionandfor any blendof theexamples.

4.2 Sampling

While our goal is to producea densesamplingof parameterspace,
we only have directcontrolover theblendweights.A simplestrat-
egy is henceto indirectly samplethe parameterspaceby densely
samplingthe blendweights. However, this is infeasiblefor large
examplesetsbecausethedimensionalityof theblendweightspace
is proportionalto the numberof examples,andso the numberof
samplesneededto achieve a given samplingdensitygrows expo-
nentiallywith thenumberof examples.Moreover, suchasampling
would be redundantbecausef is a many-to-one function — the
sameregion of parameterspacewould be coveredrepeatedlyby
differentsetsof blendweights.

Thesedif�culties canbe avoidedby limiting blendsto subsets
of examplesthat are nearbyin parameterspace. Intuitively, the
goal of samplingis to �ll in the gapsin parameterspace,andthe
most naturalstrategy for �lling any given gap is to combinethe
closestexamplemotions. For example,imaginethe examplesare
variousreachingmotionsandwe want to sampleblendsthatreach
nearchestheight. This could theoreticallybe doneby combining
motionsthatreachto thegroundwith onesthatinvolvestandingon
tiptoes,but it is moresensibleto insteadcombineexamplemotions
thatreachwithin asimilar region.

Wecanturn this intuition into analgorithmasfollows. First,we
computetheparametersof eachexamplemotion. To approximate
the accessibleregion of parameterspace,we computea bound-
ing box and expandeachdimensionby a �x ed percentageabout
thecentralvalue(20%in our implementation).We thenrandomly
samplepoints in this region and for each�nd the d + 1 example
motionswith theclosestparameters,whered is thedimensionality
of theparameterspace.We usethis numberof neighborsbecause
it is theminimumnecessaryto form a volumein parameterspace.
Theweightof every othermotion is setto zero,anda randomset
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of weightsis generatedfor theneighborsundertherestrictionthat
theseweightsbenearlyconvex, or valid. Speci�cally, we require

� d � wi � 1+ d; å
i

wi = 1; (1)

whered controls the allowable degreeof extrapolation. In par-
ticular, whend = 0 only interpolationis allowed. A randomset
of valid blend weights can be calculatedas follows. Let S be
the sumof all blendweightsthat have beenassignedvalues;ini-
tially S = 0. While unassignedweights exists, randomly select
oneof theseweightsw. If w is the last unassignedweight, set it
to 1 � S. Otherwiserandomlyassignit a value from the interval
[max(� d; � d � S);min(1+ d;1+ d � S)]. Thisensuresthatbothw
andS+ w haveavaluein therange[� d;1+ d]. Thelattercondition
is importantbecauseit guaranteesthatthe�nal weightis valid.

To preventparametersamplesfrom beingtooclose,for eachnew
samplethe closestexisting sampleis found andthe former is dis-
cardedif the distanceis below a threshold. In our experiments,
which focusedon joint positions,this thresholdwashalf aninch.

4.3 Interpolation

Given a new setof parametersep, we usek-nearest-neighborsin-
terpolationto �nd blendweightsew thatproducethoseparameters.
Let the k nearestneighborsbe p1; : : : ;pk , in order of increasing
distance,andlet wi be the blendweightsassociatedwith pi . ew is
approximatedas

ew =
k

å
i= 1

a iwi : (2)

Following Allen etal [2002],eacha i is initially assignedthevalue

a i =
1

D(ep;pi)
�

1
D(ep;pk)

; (3)

whereD computesthedistancebetweentwo parameters(Euclidean
distancein our implementation). Theseweightsarethennormal-
izedsothey sumto 1. Sincethea i arenonnegativeandsumto 1, ew
is insidetheconvex hull of thewi , andit is straightforwardto show
thatew thereforesatis�estheconditionsin (1). Thisensuresthatany
parametersspeci�ed by the userwill producea motion within the
spaceof valid blends.In particular, parametersthatarenot attain-
ableareprojectedontotheaccessibleregionof parameterspace.

As aresultof oursamplingprocedure,atmostd+ 1 elementsof
eachwi arenonzero.This impliesthat ew will in theworstcasehave
k(d + 1) nonzeroweights,andin practicetherearefewer because
nearbyparametersamplestend to have the sameset of nonzero
weights. Sincemotionswith zero weight can be ignored in the
blendingcalculation,the asymptoticrun time of our algorithmis
independentof thenumberof examples.This analysisneglectsthe
costof �nding thek nearestneighbors,but wehave foundthateven
a bruteforce nearestneighborcalculationis negligible relative to
thecostof computingablend.

4.4 Results and Applications

We have implementedtheabove algorithmsandusedthemto cre-
atea varietyof parameterizedmotions;seeTable1 for a summary.
In eachcasewe generateda thousandparametersamplesusingthe
methoddescribedin Section4.2.Thetimeneededto generatethese
samplesvariedfrom 1.7sto 6.7s,andafter eliminatingredundant
samplesthe storagecost was 8.2% of the example motion data
in the worst caseand3.2%on average. In all of our experiments
new motionscouldbesynthesizedin real time, andthesemotions
matchedthe user's target parametersto within visual toleranceas
long asthey werewithin theaccessibleregion of parameterspace.
Wesetk = 12whenperformingnearestneighborinterpolation.

Motion # Examples Parameterization
reach 6 apex of reach
walk 96 �nal rootpositiononground
kick 4 targetlocation
sit 2 lowestheightof hips

stepup 4 heelheightwhenonplatform
punch 7 targetlocation
hop 4 �nal rootpositiononground

cartwheel 11 �nal rootpositiononground

Table1: Parameterizedmotionsbuilt in ourexperiments.

Figure 14: Visualizationof theaccessiblelocationsfor theankleof a kick (upper
left), wrist of a reach(lower left), and�nal positionof a walk cycle (right). Largered
cubesshow parametersof examplemotions;smallgrey cubesaresampledparameters.

In addition to providing more accurateparameterizations,the
sampledparameterscanbe usedto visualizethe rangeof synthe-
sizablemotions. Figure 14 shows somecaseswherethis can be
accomplishedsimply by drawing markersat the locationof each
parametersample.Anotherapplicationof ourmethodsis automatic
removal of redundantexamplemotions,which canreducethe pa-
rameterizedmotion'smemoryfootprint. For eachexamplemotion,
wecomputeits parametersandseeif they canbereproducedwithin
auser-speci�edtoleranceby interpolatingnearbyexamples.If so,it
is discarded.For our parameterizedwalk, we removedall example
motionswherethe�nal root locationcouldbereproducedto within
a quarterinch, reducingthenumberof motionsfrom 96 to 46. The
parameterizedwalk alsoshows thescalabilityof our scattereddata
interpolationmethod:includingall 46 examplemotionsin a blend
takesanorderof magnitudelongerthanusingouralgorithm.

Theautomationprovidedby our systemmakesit feasibleto ex-
perimentwith unusualparameterizedmotions. Startingwith 34s
of cartwheeldata,we built a parameterizedmotionwheretheuser
couldcontrolthe�nal positionof asequenceof cartwheels.Theto-
tal amountof timeneededto build thematchweb,identify apartic-
ular cartwheel,executea searchfor othercartwheels,andgenerate
parametersampleswaslessthanthirty seconds.

5 Discussion

This paperhaspresentedautomatedmethodsfor extracting logi-
cally relatedmotionsfrom a datasetandconverting theminto an
intuitively parameterizedspaceof motions. One contribution of
this work is a novel searchmethodthat usesnumericallysimilar
matchesas intermediariesto �nd more distantmatches,together
with a precomputedrepresentationof all possiblysimilar motion
segmentsthatmakesthisapproachef�cient. A secondcontribution
is anautomaticprocedurefor parameterizinga spaceof blendsac-
cordingto user-speci�ed motion features.This algorithmsamples
blendsto build anaccurateapproximationof themapfrom motion
parametersto blendweights,and it usesa scalablescattereddata

9



To Appearin TransactionsonGraphics,23,3 (SIGGRAPH2004)

interpolationmethodthatpreservesconstraintsonblendweights.
Weconcludewith abrief discussionof thescalabilityandgener-

ality of ourmethods.

Scalability. For our testdataset,which we believe is sizeablerel-
ative to what is usedin currentresearch,the time andspacecosts
for building andstoringamatchwebwerequitemanageable.How-
ever, a matchweb for a datasetof n framestakesO(n2) time to
constructandO(n2) spaceto store.Thetimecostscanbemitigated
by using a multi-resolutionconstructionmethod(as discussedin
Section3.2) andby computingmatchwebsfor differentpairsof
motionsin parallel,andstoragecanbe reducedthroughcompres-
sionalgorithms.Nonetheless,for massive databasesit will not be
feasibleto build matchwebsfor every pair of motions. A simple
solutionis to partitionthedatabaseinto independentmodulesbased
on semanticcontentandcomputematchwebsseparatelyfor these
modules.Sincea very largedatabasewill containmany unrelated
motions,sucha division would be naturalandis likely to already
bere�ected in theorganizationof thedata�les. Thedevelopment
of alternativesto matchwebsthatareasymptoticallymoreef�cient
yethavesimilarperformancecharacteristicsis left for futurework.

While our parameterizationalgorithmsapply in theory to pa-
rameterspacesof arbitrary dimensionality, in practice they are
limited by the quantity of available data. Roughly speaking,we
needat leastenoughexamplesto cover every combinationof min-
imum/maximumvaluesfor individualparameters(the“corners”of
the space),andmoreexamplescanprovide higherquality results.
Thenumberof necessaryexamplemotionsis henceexponentialin
thenumberof parameters.Developingmethodsto easethedatare-
quirementswhile preservingmotionquality is left for futurework.

Generality. While we have focusedon parameterizationfunctions
involving joint positionsandorientations,our methodsallow pa-
rameterizationsbasedon abstractpropertieslike mood. For quali-
tative featureslike thesewhereaccuracy is lessmeaningful,wecan
simply skip the samplingstepof Section4.2 andapply scattered
datainterpolationdirectly to theexamplemotions.

Motion setsfound by our searchengineare not guaranteedto
beblendable.For example,oneof ourquerymotionsconsistedof a
charactersteppingtowardashelf,pickingupanobject,andwalking
away. While oursystemcorrectlyidenti�ed theeightotherpicking-
upactionsin thedatabase,in threeof thesetheinitial stepwaswith
thewrongfoot,andsothesemotionshadto bediscarded.Similarly,
we tried to constructa parameterizedleapingmotionbut foundthe
blendedbody trajectoryto be physically implausible. More gen-
erally, the only reliableway of determiningwhethermotionscan
besuccessfullyblendedis to createandlook at speci�c blends.In
light of this, oneof theprimaryadvantagesof our systemis that it
greatlyspeedsandsimpli�es theprocessof experimentation.
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ALLEN, B., CURLESS, B., AND POPOVI Ć, Z. 2002. Articulatedbodydeformation
from rangescandata.ACM TransactionsonGraphics21, 3, 612–619.

ARIKAN, O., AND FORSYTHE, D. A. 2002. Interactive motion generationfrom
examples.ACM TransactionsonGraphics21, 3, 483–490.

ARIKAN, O., FORSYTH, D. A., AND O' BRIEN, J. 2003. Motion synthesisfrom
annotations.ACM TransactionsonGraphics22, 3, 402–408.
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JENKINS, O. C., AND MATARIĆ, M. 2002. Deriving actionandbehavior primitives
from humanmotiondata.In Proceedingsof 2002IEEE/RSJInternationalConfer-
enceon IntelligentRobotsandSystems(IROS-2002), 2551–2556.

KEOGH, E., CHAKRABARTI , K., PAZZANI , M., AND MEHROTRA. 2001. Lo-
cally adaptive dimensionalityreductionfor indexing large time seriesdatabases.
In Proceedingsof 2001ACM SIGMODInternationalConferenceon Management
of Data, 151–162.

K IM , T., PARK , S., AND SHIN, S. 2003.Rhythmic-motionsynthesisbaseonmotion-
beatanalysis.ACM TransactionsonGraphics22, 3, 392–401.

KOVAR, L., AND GLEICHER, M. 2003. Flexible automaticmotion blendingwith
registrationcurves. In Proceedingsof ACM SIGGRAPH/EurographicsSymposium
onComputerAnimation2003.

KOVAR, L., GLEICHER, M., AND PIGHIN, F. 2002. Motion graphs.ACM Transac-
tionsonGraphics21, 3, 473–482.

LEE, J., CHAI , J., REITSMA , P., HODGINS, J., AND POLLARD, N. 2002. Interac-
tive control of avatarsanimatedwith humanmotion data. ACM Transactionson
Graphics21, 3, 491–500.

L IU, F., ZHUAN, Y., WU, F., AND PAN, Y. 2003. 3d motion retrieval with motoin
index tree.ComputerVisionandImage Understanding92, 2-3,265–284.

PARK , S. I ., SHIN, H. J., AND SHIN, S. Y. 2002. On-line locomotiongenera-
tion basedonmotionblending.In Proceedingsof ACM SIGGRAPH/Eurographics
SymposiumonComputerAnimation2002.

ROSE, C., COHEN, M., AND BODENHEIMER, B. 1998. Verbsandadverbs:multidi-
mensionalmotioninterpolation.IEEE ComputerGraphicsandApplication18, 5,
32–40.

ROSE, C., SLOAN, P., AND COHEN, M. 2001. Artist-directedinverse-kinematics
usingradialbasisfunctioninterpolation.ComputerGraphicsForum20, 3.

ROWEIS, S. T., AND SAUL , L. K. 2000. Nonlineardimensionalityreductionby
locally linearembedding.Science290, 5500,2323–2326.

TENENBAUM , J. B., DE SILVA , V., AND LANGFORD, J. C. 2000.A globalgeometric
framework for nonlineardimensionalityreduction.Science290, 5500,2319–2323.

UNUMA , M., ANJYO, K., AND TEKEUCHI , T. 1995.Fourierprinciplesfor emotion-
basedhuman�gure animation. In Proceedingsof ACM SIGGRAPH95, Annual
ConferenceSeries,91–96.

VELTKAMP, R. C., BURKHARDT, H., AND KRIEGEL , H. P. 2001. State-of-the-Art
in Content-BasedImage andVideoRetrieval. Kluwer AcademicPublishers.

VLACHOS, M., HADJIELEFTHERIOU, M., GUNOPULOS, D., AND KEOGH, E. 2003.
Indexing multi-dimensionaltime-serieswith supportfor multiple distancemea-
sures. In 9th ACM SIGKDD InternationalConferenceon Knowledge Discovery
andDataMining, 216–225.

WANG, J., AND BODENHEIMER, B. 2003. An evaluation of a cost metric for
selectingtransitionsbetweenmotion segments. In Proceedingsof ACM SIG-
GRAPH/EurographicsSymposiumonComputerAnimation2003.

WILEY, D., AND HAHN, J. 1997.Interpolationsynthesisof articulated�gure motion.
IEEEComputerGraphicsandApplication17, 6, 39–45.

ZORDAN, V., AND HODGINS, J. 2002.Motion capture-drivensimulationsthathit and
react.In Proceedingsof ACM SIGGRAPH/EurographicsSymposiumonComputer
Animation2002.

10


