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Abstract

Largemotiondatasetsoftencontainmary variantsof thesamekind
of motion, but without appropriatetools it is dif cult to fully ex-
ploit thisfact. This papemprovidesautomatednethodgor identify-
ing logically similar motionsin a datasetandusingthemto build
a continuousand intuitively parameterizegpaceof motions. To
nd logically similar motionsthat are numericallydissimilar our
searchmethodemploys anovel distancemetricto nd “close” mo-
tionsandthenuseshemasintermediarieso nd moredistantmo-
tions. Searchqueriesareansweredit interactve speedshrougha
precomputatiorthat compactlyrepresentsill possiblysimilar mo-
tion segments. Oncea setof relatedmotionshasbeenextracted,
we automaticallyregisterthem and apply blendingtechniquesto
createa continuousspaceof motions. Given a function that de-
nes relevantmotion parametersye presenta methodfor extract-
ing motionsfrom this spacehataccuratelypossesgsewn parameters
requestedby the user Our algorithmextendspreviouswork by ex-
plicitly constrainingblendweightsto reasonablealuesandhaving
arun-timecostthatis nearlyindependenbf the numberof exam-
ple motions. We presentexperimentalresultson a testdatasetof
37;000frames,or abouttenminutesof motionsamplecat 60 Hz.

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

Keywords: motioncapturemotionsynthesismotiondatabases

1 Introduction

Largemotiondatasetsarenow commonplacén real-world projects
that require expressie characteranimation. Thesedatasetsare
valuablenot only becauséhey containmary differentkinds of ac-
tions, but also becauseary particularactioncan hae mary vari-

ants. This providesanimatorswith e xibility in selectingmotions
appropriatefor speci ¢ circumstancesln particular collectionsof

relatedmotionscansere asraw materialfor algorithmsthatmake
continuous,parameterizegpacesof motion, allowing oneto do
thingslike animatea kick simply by statingwherethe targetis. In

this manney large motion capturedatasetsbring us closerto the
goal of beingableto createrealistic motion simply by specifying
whatit is supposedo do.

This goalis still far from reality, however. A family of related
motionsis hardto exploit whenscatterednside a dataset;thein-
dividual motionsmust rst beidenti ed andextracted.To do this,
usergcurrentlymustscanthroughthedatasetandmanuallycropthe
framesof interest. This canbe tediousandtime-consumingeven
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whenthedatasetis annotatedvith descriptve labels.For example,
adatale labelled“punch” mightcontainmary individual punches
andrelatedbut distinctactionssuchasdodginga counterblow.

While thereis valuein simply seeingwhata datasethasto offer,
a useroften hasa particularmotionin mind, suchasa punchthat
targetsa speci ¢ location. In this caseblendingtechniquesanbe
appliedto the extractedmotionsto producea parameterizedno-
tion thatgivesa userdirectcontrolover relevantmotionproperties.
However, existing methodsaredesignedor smalldatasetsconsist-
ing exactly of examplemotionsthat evenly (thoughnot regularly)
samplea predeterminedangeof variation. In a large dataset,the
usermay nd mary examplemotions,someof whichareredundant
andsomeof which arequite dissimilar andtheseexampleswill in
generalyield a spaceof synthesizablenotionswhoseboundaries
arehardto predictin advance.

This papempresentautomatedoolsfor locatinglogically similar
motion seggmentsin a datasetandusingthemto constructparam-
eterizedmotionsthat provide accurateand ef cient control. The
remaindeiof this sectionpresentsan overview of our methodsand
a summaryof our contritutions. Section2 discusseselatedwork.
Next, Section3 providesdetailson how we searchfor similar mo-
tion sggmentsand presentssomeexperimentalresults. Section4
then explains how we build parameterizationand illustratesour
techniqueon severalexamples.Finally, Section5 concludeswith a
brief discussiorof theadwantagesndlimitations of our methods.

1.1 Overview
1.1.1 Searching Motion Data Sets

Given a sggmentof the motion dataset (the query), our system
automaticallylocatesand extractsmotion segmentsthat are “sim-
ilar", i.e., thatrepresenvariationsof the sameactionor sequence
of actions. Our methodusesthreekey ideas,eachof which is a
contritution to the problemof searchinga motion dataset.

1. Multi-step search. Logically similar motionscanhave very
differentskeletalposeqFigurel), but existing computational
methodscanonly reliably nd motionsthat are numerically
similar to the queryin the sensethat correspondingkeletal
posesare roughly the same(seeSection2.1). On the other
hand,in a large datasetit is likely that somelogically sim-
ilar motionswill alsobe numericallysimilar. We therefore
addrobustnesso thesearchyy concentratingn nding these
closermotionsandthenusingthemasnew queriesn orderto
nd moredistantmotions.

2. Using time correspondencedo determine similarity. A
simple way of measuringnumericalsimilarity is to identify
correspondindramesandcomparetheir averagedistancdo a
thresholdvalue. We complementhis by analyzingthe corre-
spondencethemseles: similar motionsarerequiredto have
“clear” time correspondenceslhis is basedon the intuition
thatif two motionsaresimilar, it shouldbe easyto pick out
correspondingvents.

3. Interactivity through precomputation. To provide interac-
tive speedswe do not starteachsearchfrom scratch Instead,
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Figure 1: Logically similar motionsmaybe numericallydissimilar Left: A stand-
ing front kick vs. aleapingsidekick. Notethe differencesn the arms,torsoposture,
andkick trajectory Right: While thesetwo reachingmotionshave somevhatsimilar
skeletalposturesthe changesn posturearein completelyoppositedirections.

we precomputea matd weh which is a compactand ef -
ciently searchableepresentationf all possiblysimilar mo-
tion segments.

1.1.2 Creating Parameteriz ed Motions

Onceexamplemotionshave beenlocated,they canbe blendedto
malke new motions. A blendis effectively a weightedaverageof
the examples,andthe setof all blendsforms a continuousspace
of relatedmotions. This spacecanbe corvertedinto a parameter
ized motion througha userspeci ed parameterizationfunction f
thatpicks out relevantmotionfeatures.For example,f might com-
putethe positionof the handat the apex of a reachor the average
speedandcunatureof theroot pathduringawalk cycle.
Abstractly f mapsblendweightsto motionparametersOurgoal
is to computef 1: givena setof tamgetparametersye wantblend
weightsthat producethe appropriatemotion. Sincef 1 in general
hasno closedform representationit is commonto approximatet
with scatterediatainterpolationmethodghatassigneachexample
motion a blendweight basedon the distancebetweenits parame-
tersandthetametparameter§Roseet al. 1998]. We usea similar
approachbut offer severalimprovementsover previouswork:

1. Automation. Theusers only taskis to supplyf; our system
handlestherest. In particular we extendthe methodof Ko-
varandGleicher[2003] to automaticallyregistertheexample
motionssothey canbeblended.

2. Blend Weight Constraints. Blendingcanonly reliably cre-
atenew motionsnearthe exampleswhich meansonly a nite
region of parametespaceis accessible.In particular blend
weightsshouldbe convex or nearlyconvex sothe blendswill
represeninterpolationsor limited extrapolationf theexam-
ples. Existingmethodsplaceno constrainton blendweights
and canbreakdownn whenspeci ed parametersre far from
thoseof the examplemotions. We ensurethatblendweights
are convex or nearly corvex, therebylimiting the allowable
amountof extrapolationand projectingunattainableparam-
eter requestdack onto the accessiblgportion of parameter
space.

3. Accuracy. If the examplesare not sufciently closein pa-
rameterspace direct applicationof scattereddatainterpola-
tion mayyield inaccurateresults(Figure 2). We correctthis
by automaticallysamplingthe setof valid blendsin orderto
denselysamplethe accessibleegion of parametespace.

4. Ef ciency. Large datasetsmay containmary examplemo-
tions. We automaticallyidentify and remove redundantex-
amplesto reducestoragerequirementsAlso, while previous
methodshave usedscatterediatainterpolationalgorithmsthat

Figure 2: Left: Six examplereachingmotionscreatea sparsesamplingof param-
eterspacethat leadsto an inaccurateparameterizationThe dotsindicateparameter
samplesandthe yellow sphereshaws the desiredlocation of the wrist. Right: We

automaticallygenerate densessamplingthatprovidesgreateraccurag.

requireO(n) time for n examples,our methods run time is
nearlyindependenof the numberof examples.

2 Related Work

2.1 Searching for Motion

Our searctproblemis relatedto time sequenceetrieval, which has
beenstudiedby the databaseommunityfor over a decade Given
a distancemetric anda querytime sequencethe taskis to search
a databasdor time sequencesvhosedistanceto the queryis ei-
ther belov a thresholde or amongthe k smallest. Most proposed
solutionsfollow the GEMINI framevork proposedby Faloutsos
etal. [1994]. First, a low-dimensionalapproximationis extracted
from eachtime seriesin the databaseExampleapproximationsn-
cludethe rst few coefcients of aFourier[Agrawal etal. 1993]or
wavelet [Chanand Fu 1999] transform,the averagevaluesin ad-
jacentwindows [Keoghetal. 2001],andboundingboxes[Vlachos
etal. 2003]. Next, adistancemetricis de ned overthisapproxima-
tion thatunderestimatethe true distancebetweerthe time series.
Finally, the approximatedignalsarestoredin a spatialdatastruc-
turesuchasanR-tree[Guttman1984].

This approachprovides efcient pruning of portions of the
database¢hat aredistantfrom the querywhile keepingdimension-
ality low enoughthatspatialaccessnethodsemainviable [Bohm
etal. 2001]. However, onedravbackis thatadirectnumericalcom-
parisonis usedto determinesimilarity. With existing metrics,a
large distancemay re ect eitherthat motionsare unrelatedor that
they are different variationsof the sameaction, and thereis no
way to distinguishbetweenthesetwo cases. On the other hand,
a small distanceis a reasonablendicator of similarity becauset
impliesthatindividual posesarenumericallysimilar. Our stratgy
is henceto nd closemotionsandthenusethemasnewn queries
to nd moredistantmotions,allowing us to uselower and more
reliable distancethresholdswithout sacri cing the ability to nd
motionsthatarenumericallydistinctfrom the query This stratgy
is inspiredby manifoldlearningalgorithmsthatuselocal neighbor
hoodsof pointsto infer the structureof a low-dimensionalmani-
fold embeddedh ahigh-dimensiona$pacgRoweisandSaul2000;
Tenenbaunet al. 2000]. Jenkinsand Mataric [2002] useda simi-
lar stratgy to extract motion primitivesfrom humanmotion data,
althoughtheir focus was on controlling robot motion, ratherthan
producinghigh- delity animation.A secondimitation of existing
searchalgorithmsis that they assumethe distancebetweenindi-
vidual dataelementgi.e., skeletalposes)anbe computedwith an
Lp norm. Framedistancemetricsthat represenbrientationswith
guaterniongLee et al. 2002; Wang and Bodenheimer2003] fail
this criterion. We allow arbitrary distancemetricsto be usedfor
individual frames.

Content-basedatabaseetrieval hasappearedn a numberof
graphicscontexts, includingimages[Castelliand Begman2001],
video [Veltkampet al. 2001], and 3D models[Funkhouseret al.
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2003]. To searchmotioncapturedatasets Cardleetal. [2003] used
a variantof the GEMINI frameavork discusseckarlierin this sec-
tion. Liu etal. [2003] automaticallyextractedkeyframesfor each
motionin a databasandusedthesekeyframesto constructa hier-
archicaltree of clustersof motions,with deepeievels of the tree
correspondingo joints deepeiin the skeletalhierarcly. To process
aquery the closesteaf clusterwasfoundandits motionsweredi-
rectly comparedgainstthequery Thisalgorithmalsousesadirect
numericalcomparisorto determinesimilarity, andit is designedo
compareentiremotionsagainsta query whereasour algorithmis
alsoableto comparesubsectionsf motions.

In orderto automaticallyconstructransitions severalrecentre-
searchefforts have identi ed locally similar regionsin a motion
dataset [Arikan andForsythe2002;Arikan etal. 2003;Kim etal.
2003; Kovar et al. 2002; Lee et al. 2002; Wangand Bodenheimer
2003]. We, in contrastareinterestedn nding entiremotionsthat
are similar. For the caseof rhythmic motion, Kim et al. [2003]
automaticallyidenti ed similar motionsby usingbeatanalysisto
sementa motiondatasetandthenclusteringmotionsbasedupon
a similarity metric. Our methodappliesto moregeneraldatasets
andis gearedoward content-basedearctratherthanclustering.

The problemof searchingor motionsis relatedto that of gen-
eratingdescriptve labels. Arikan et al. [2003] usedsupportvector
machinego automatehe procesof annotatinga motion dataset.
While their techniquewasnot designedo provide precisebound-
ariesbetweerdifferentactionsevenacoarsesetof annotationgan
malke databassearchmoreef cient androbust(seeSection3).

2.2 Parameterizing Blends

Wiley andHahn[1997] andthe VerbsandAdverbssystemof Rose
etal. [1998] pioneeredhetechniqueof building parameterizecho-
tions from blendsof capturedexamples. Subsequenpapershave
furtherdevelopedthe underlyingblendingmechanismg§K ovar and
Gleicher2003]andhave providednevw methodgor parameterizing
the spaceof blends[Roseetal. 2001;Park etal. 2002]. This previ-
ouswork hasassumedhat the examplemotionshave beenidenti-
ed andcroppedirom the original dataset,whereasve provide an
automatednethodfor extractingthem. Additionally, we shov how
to build accuratgparameterizationthat offer greaterun-timeef -
cieng/ thanpreviousmethodsandthatguarante¢hatblendweights
have reasonablealues. The remainderof this sectionexpandson
previouswork relatingto the parameterizatioof blends.

Many methoddor building parameterizedchotionsdonotensure
thatthe actualparameter®f synthesizednotionsarethe sameas
thedesiredparametersThisis reasonabléor qualitative properties
like “happiness”,wherestrict accurag is not necessarfUnuma
etal. 1995; Roseet al. 1998]. Similarly, strict accurag is unnec-
essanyif blendingis not beingusedto directly control parameters
of interest. For example,while Park et al. [2002] usedblending
to createlocomotionwith speci ed speedand cunvature,the ac-
tual path of the root was determinedhrougha userspeci ed tra-
jectory Nonethelessn mary casesccuratgparameterizationare
essential. Roseet al. [2001] improved the accurag of scattered
datainterpolationby addingadditionalsampledo parametespace.
Speci cally, they identi ed setsof target parametergor which the
approximationwas particularly poor and usedgradientdescento

nd blendweightsthatyieldedthoseparametersWe offer analter
natesolutionbasedon moredirectly samplingthe spaceof blends.
Thegeneraktratgy of samplingthespaceof blendswaspreviously
usedby Wiley andHahn[1997] to obtainregular samplingsof pa-
rameterspaceandby ZordanandHodgins[2002] to generatelense
setsof examplemotionsasan aid for inversekinematicstasks,al-
thoughtheseefforts werenotfocusedonimproving theaccurag of
parameterizationAlso, we expandon this previouswork by show-
ing how to restrictblendweightsto reasonablealuesandhow to
samplein away thatscalesvell to large numbersf examples.

A numberof previous efforts have performedscattereddata
interpolationby computinga best- t linear map betweenblend
weightsand motion parametersndthenaddingradial basisfunc-
tionscenteredn eachexample[Roseetal. 1998;Park etal. 2002;
Roseetal. 2001]. This canproduceblendweightscontaininglarge
negative weights[Allen etal. 2002],andif theuserrequestparam-
etersfar from the examples blendweightsarebasedourelyonthe
linear approximatiorandhenceareeffectively arbitrary Also, the
run time of this algorithmis O(n) for n examplemotions.We pro-
poseinsteadusing k-nearest-neighborisiterpolation,as suggested
by Allen etal. [2002]. This allows usto explicitly constrainblend
weightsto reasonabl&alues,projectpointsoutsidethe accessible
region of parametespacéebackontoit, andcomputeblendsin time
thatis nearlyindependenof the numberof examplemotions.

One popularapplicationof parameterizednotionis to control
inversekinematics(lIK) taskssuchas reaching[Wiley and Hahn
1997;Roseetal. 2001]. Grochav etal. [2004] recentlyintroduced
an alternateapproachbasedon usingmotion capturedatato con-
structprobabilisticmodelsof individual skeletalposes.

3 Searching for Motions

A motionis a continuousfunction M (t) thatis regularly sampled
into framesM (t;), whereeachframeis askeletalposede nedby its
joint orientationsandthe positionof the root joint. Givena query
motion Mq thatis a segmentof somemotion in the dataset, our
goalis to nd othermotion segmentsthat are similar to My, i.e.,
segmentsthat representvariationsof the sameaction. We refer
to theseasmatdes Onechallengein nding matchesds thatin-
dividual framesare high-dimensionabbjectswith non-Euclidean
distancemetrics[Kovar et al. 2002; Lee et al. 2002]. As a result,
traditionalmethodsfor organizingthe datainto a spatialhierarcly
(suchasaBSP-treerannotbedirectly applied[Bdhmetal. 2001].
A seconahallengas thatlogically similarmotionsmaybenumeri-
cally dissimilarin thesensehatcorrespondingosesnayhavevery
differentjoint orientationsandangularvelocities(Figurel). Tradi-
tional searchalgorithmsimplicitly equatenumericalsimilarity with
logical similarity, andasaresultthey have dif culty distinguishing
motionsthatareunrelatedrom thosethataredifferentversionsof
thesamekind of action(seeSection2.1).

Our searchstratgy is to nd “close” matcheghat are numeri-
cally similar to the queryandthenusethemasnew queriesto nd
more distantmatches. Our algorithm for determiningnumerical
similarity allows arbitrarymetricsfor comparingndividual frames,
andtiming differencesare factoredout to allow matchego be of
differentdurationthanthe query A userexecutesa searchby pro-
viding a query and a distancethresholdthat is usedto determine
whethertwo motion sggmentsare numerically similar. Numeri-
cally similar matchesarethenidenti ed andautomaticallysubmit-
ted asnew queries,andthe processteratesuntil no nev matches
arefound. Sinceeachmatchspavnsa new query it is crucialthat
individual queriesbe processedjuickly. In particular we would
like searchingo be fastenoughthatthe distancethresholdcanbe
tunedinteractively. To male this feasible,we preprocesshe data
setinto amatd weh whichis acompactandef ciently searchable
representationf all motionsegmentshat,givenasufciently large
distancethresholdwould be considerechumericallysimilar.

Onedif culty is that numerically similar motions may not be
logically similar. For example theoverall structureof amanwalk-
ing looks muchlik e thatof awomanwalking, andreachingfor an
objectappeargjuite similar to simply touchingit. This problemis
hardto correctbecausé involveshigh-level understandingf what
motionsmean. For an unlabelleddataset, we requireusersto in-
dependentlyon rm thatmatchesave the correctmeaning.How-
ever, mostlarge datasetscontainsomesortof descriptve labels—
if nothingelse,a lename or locationin thedirectoryhierarcly can
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Figure 3: Time alignmentsmustbe continuousmonotonic andnon-degenerate.

sene ascluesto a motion's contents.Whenlabelsare presentwe
limit our searchto semanticallyrelevantpartsof thedataset.

In the remainderof this section,we describeour criteriafor de-
termining whethertwo motion sggmentsare numerically similar,
explain how to build matchwebsand usethemto quickly answer
similarity queriesandpresenexperimentakesults.

3.1 Criteria for Numerical Similarity

Two criteriaareusedto determinenumericalsimilarity:

1. Correspondindgramesshouldhave similar skeletonposes.

2. Framecorrespondenceshouldbe easyto identify. Thatis,
relatedeventsin the motionsshouldbe clearlyrecognizable.

Both criteriainvolve framecorrespondencespwe rst discuss
how to obtainthese We requirethesetof framecorrespondencee
form a continuous monotonicallyincreasingand non-dgenerate
mappingbetweenframes, which we call a time alignment(Fig-
ure 3). The non-dgenerag conditionlimits the time alignments
slopeto be between% andk for somek 1, whichin thediscrete
casemeansthat at mostk framesof one motion can be mapped
to a singleframe of the other Intuitively, this restrictsmotionsto
being locally spedup or slowed dowvn by at mosta factor of k.
Given a distancefunction d for individual frames,dynamicpro-
grammingcanbe usedto computean optimaltime alignmentthat
minimizesthetotal distancebetweemmatchedrames.SeeBruder
lin andWilliams [1995] andKovar andGleicher[2003] for details.
Several optionsexist for the frame distancefunction; we usethe
onesuggestetby Kovar etal. [2002].

An analysisof the time alignmentdetermineavhethertwo mo-
tion sggmentssatisfythe numericalsimilarity criteria. We startby
computingd for every pair of frames,forming a grid of distances
wherecell (i; j) speciesd Mq(tj);Mo(t;) (Figure4). Thetime
alignmentis apathonthis grid from thelower left to theupperright
thatminimizesthetotal costof its cells. To testthe rst criterion,we

nd theaveragevalueof the cellson this pathandcompareagainst
a userspeci ed thresholde. We usethe averagevalueratherthan
thetotalin orderto measurealistancandependentlyf pathlength.

The secondtriterioncanbeinterpretedn termsof thelocal op-
timality of thetime alignment.If a cell onthetime alignmentis a
horizontalor vertical 1D local minimum,thentheframecorrespon
dencss strongin thesensehatholdingoneframe x edandvarying
the otheronly yields more dissimilar skeletalposes.To illustrate,
considerthetop of Figure4, which shawvs the distancegrid for two
differentwalk cycles. The magentgpath on the left is the calcu-
latedtime alignmentandthe highlightedcellson theright shawv all
of the horizontaland vertical 1D minima. Note that nearly every
cell on thetime alignmentis oneof theseminima. This is because
framesatthe samepointin thelocomotioncycle arefar moresimi-
lar thanframesthatareoutof phase Thebottomof Figure4 repeats
this analysisfor two kicking motions. While the averagedistance
betweencorrespondingramesis about5 times higher framesat
relatedpartsof thekick (chamberingextensionandretraction)are

Motion 1
Optimal Path 1D Minima
— -
. S S
Motion 2 3 3
b =
Motion 2 Motion 2
Motion 1 Optimal Path 1D Minima
— —
S S
. 2 =
Motion 2 § 2
Motion 2 Motion 2

Figure 4: Comparingime alignmentgmagentaellsontheleft) with localminima
locationg(yellow cellsontheright). Darker pixelsshav smallerframedistancesLocal
minimalocationswerenot usedwhencomputingthetime alignments.Top: Two walk
cycles.Bottom: Two kicks.

Figure 5. Local minima(magentajreextendedo form thevalid region (yellow).

still moresimilar thanpairsof unrelatedframes. This is again re-
ected in thelocal minimaof d: about60%of thetime alignments
cellsare1D minima,andtherestarecloseto 1D minima.

Ideally every cell on the time alignmentwould be a local mini-
mum,sincetheneachcorrespondencgould be“obvious”. In prac-
tice, hawever, this is overly restrictve. The nite samplingrate
causesoisein theexactlocationof minima,andmotionsthathave
stretcheof similar frames(e.g.,pausesproducebasinsin the dis-
tancegrid wherethe locationsof minima are effectively arbitrary
We thereforeinsteadrequirecellson thetime alignmentto be near
1D minima. To enforcethis, we computeall 1D local minimaand
extendeachonealongthedirectionsin whichit is aminimum (hor
izontal, vertical, or both) until a cell is encounteredvhosevalue
is atleasta percentlargerthanthe minimum's value,wherea is
de ned by the user(seeFigure5; we seta to 15%). We call the
resultingregion onthegrid thevalid region. Thetime alignmentis
restrictecdto thevalid region, which involvesa simplemodi cation
of standarddynamicprogrammingalgorithms. If no time align-
mentcanbe createdunderthis restriction,thenthe motionsfail the
secondccriterionandareconsideredlissimilar

3.2 Match Webs

We now turnto the problemof precomputingall potentialmatches
for eachmotion segmentin the dataset. Without loss of general-
ity, we limit thediscussiorto nding segmentsin a singlemotion
M 1 thatarenumericallysimilar to anotherpossiblyidentical)mo-
tion M,; if a datasethasmary motions,thenthey are compared
pairwise. Considerthe distancegrid formed by computingd for
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Figure 6: Any subrgjion of anoptimaltime alignmentfor M 1 [a; b] andM [c; d] is
anoptimaltime alignmentfor two shortermotionsegmentsM 1[a% b% andM »[c% d9.

every pair of framesand let M;[q; r] denotethe motion sggment

arepotentiallysimilar if thereis somedistancehresholdor which

they arenumericallysimilar underthe criteria of Section3.1. For

this to hold, theremustexist at leastone time alignmentstarting
atcell (a;c) andendingat cell (b;d) thatis everywhereinsidethe
valid region and obeys the restrictionsshowvn in Figure 3. If not,

thenM 4[a;b] and M [c;d] cannotbe numericallysimilar. Other

wise, dynamicprogrammingprovidesthe optimal time alignment
betweerM 1[a; b] andM ,[c; d].

Two obsenationscannow be madethat allow usto compactly
representll potentially similar motion segments. First, if cells
(a;¢) and(b; d) canbeconnectedvith avalid time alignmentthen
it is likely thatnearbypairs(a d;c d),(b d;d d) canalso
be connected.In otherwords, we can perturbthe boundariesof
M1[a;b] andM5[c;d] to nd otherpotentially similar motion seg-
ments. It thereforemakes senseto identify locally optimal pairs
of motion sggmentswherethe time alignmenthasa locally mini-
mal averagecell value. Secondary subsectiorof the optimaltime
alignmentfor M 1[a; b] andM 5[c; d] is itself anoptimaltime align-
mentfor motion segmentsinsideM 1[a; b] andM ,[c; d] (Figure®6).
This is a naturalconsequencef optimality: the path connecting
ary two cells on a time alignmentmustbe optimal becausether
wisewe could choosea differentpaththatwould lower the overall
cost. Hencean optimaltime alignmentrepresentsan entirefamily
of potentiallysimilar motionsegmentsnotjustasinglepair.

In light of theseobsenations we searctor long pathsonthedis-
tancegrid that correspondo locally optimaltime alignments.We
startby looking for chainsof 1D minima that satisfythe continu-
ity, monotonicity andnon-degenerayg restrictions.First, we locate
all minimathat have no neighborsto the left, bottom, or bottom-
left, sincethesecannotbein theinterior of a chain. Thenfor each
of theseminima we form a chainby iteratively searchinghe top,
right, andtop-right cells for otherminima, makingsurealongthe
way thatthe non-dgenerag conditionis notviolated. Sincesome
local minimaarespurious— for example,walk cyclesthatare180
degreesout of phasehave local minima at frameswherethe legs
areclosestogether— someof thesechainswill notbemeaningful.
As a heuristic,we simply remove chainsbelov a thresholdlength
(0:25s in our implementation).Eachremainingminima chainis a
locally optimaltime alignmentsincemoving ary cell increaseshe
averagedistance.

Sincethe preciselocation of an individual minimum is some-
whatarbitrary(Section3.1), nearbyminimachainsthatoughtto be
connectednay be separate.To be conserative, we considercon-
nectingary two chainsaslong asthe connectingpathis insidethe
valid region of the grid andhasa length(measuredia Manhattan
distance)essthanathresholdL, which was2sin ourimplementa-
tion. For eachchainC, we identify otherchainsC%in the vicinity.
We thencomputefor eachcell C; on C theoptimalpathto eachcell
on COowhoseManhattardistanceto C; is lessthanL. The pathwith
the smallestaveragedistanceis retainedasthe nal connectionpr

Figure 7: To build a matchweb, we computethe distancebetweenevery pair of
frames, nd chainsof local 1D minima,andaddbridgesthatconnecnearbychains.A
matchweb built atlow resolutionmaybere ned ata higherresolution.

+

Figure 8: To rene achain,it is rst padded(1) and upsampled2) to form a
searchregion. New endpointsarethenfoundvia local search(3) andconnectedvith
anoptimalpath(4).

bridge, betweenC andC® Note that becauséridgesmustbe in-
sidethevalid region, nearbychainsmay not be connectableAlso,
this restrictionmakesbridgecalculationmoreef cient becausé¢he
dynamicprogrammingalgorithmprocessefewer cells.

The resultof this procedureis a network of pathson the dis-
tancegrid, someof themminimachainsandothersbridgesbetween
chains(Figure 7). This network representall potentially similar
pairsof motionsegments andwe referto it asa matchweh Start-
ing from ary cell on ary pathof the matchweb, we cangenerate
atime alignmentby travelling further down the pathandpossibly
branchingoff onto connectingpaths. While this time alignmentis
not necessarilyptimal, it is closeto optimalsinceevery cell is ei-
theralocalminimumor hasadistancevaluecloseto anearbymin-
imum. Also, matchwebscanbe storedcompactlysincewe need
only retainthegrid positionandvalueof eachcell on eachpath.

Match webs can be constructedmore ef ciently by building
themat a low resolutionandthenre ning themat higherresolu-
tions. The lowestresolutionmatchweb s built by downsampling
M1 andM» andrunningthe algorithmdescribedabose. Eachmin-
ima chainis thenre ned as shavn in Figure 8: rst, the chain
is paddedand upsampledo form a searchregion, thennew end-
pointsare placedat the smallest-aluedcellsin the vicinity of the
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Figure 9: A simplesearchexamplefor thequeryM 1 [a; b]. Therearethreepotential
matchesM[cy; ], M2[cy; C4], andMz[c3; Cs).

old endpoints,and nally thesepointsarejoined with an optimal
path. Eachbridge is handledsimilarly, exceptthe endpointsare
restrictedto be on the re ned versionsof the chainsit connects.
Figure7 shavs anexampleof re ning alow-resolutionmatchweh

3.3 Searching With Match Webs

Given a match web for M1 and M5, a query motion segment
M 1[a; b], anda distancethresholde, we now explain how to locate
numericallysimilar motionsegmentsin M ,. Thesearchalgorithm
essentiallyintersectshe matchweb with the rectanglede ned by
theregion from row a to row b, asshovn in Figure9. Let amatdh
sequenceeasequencef cellsformedby selectingary cell of ary
pathon the matchwebandthentravelling down thatpath,possibly
branchingoff onto connectingpaths. We areinterestedn nding
all matchsequenceshat spanfrom row a to row b. We startby
nding every paththatcontainsacell in row a. For eachsuchpath,
the leftmost (i.e., earliest)cell in row a senes asthe initial cell
of a matchsequenceWe checkwhetherthe pathcontainscellsin
row b, andif so,we returna matchsequencéormedby appending
all cells up to the lastonein row b. We next considerbranching

off ontoconnectingoathsto searchor additionalmatchsequences.

Thisis doneby walking down the pathuntil we eitherreachits end
or acellin row b, addingcellsto the matchsequencaswe go and
recursvely processingachconnectingoaththatis encountered.

Eachmatchsequencés atime alignmentbetweerthequeryand
a potentialmatchin M, de ned by the matchsequence' rst and
last columns. Any match sequencevhoseaveragecell value is
greaterthane is discarded While eachremainingmatchsequence
technicallyprovidesa matchto the query someof thesematches
signi cantly overlapandhenceareredundantIn Figure9, for ex-
ample,this is true of M3[cy;c2] andM[cy;cs]. To remove these
redundancieswe sort the matchesin orderof increasingaverage
distanceandplacethemin anarray The rst elementof this array
is thenreturnedasa match,andevery otherelementthat overlaps
with it by morethana thresholdpercentages is discarded.This
procedureteratesuntil no matchesareleft.

Sofar we have found the matcheghat are closestto the query
which we call rst-tier matches. To nd more distantmatches,
the searchalgorithm is repeatedfor each rst-tier match, yield-
ing second-tiematches.This continuesuntil no nev matchesare
found. In this mannera graphis built wherethe nodesare mo-
tion sgmentsandedgesbetweemodesindicatethatthe sgments
arenumericallysimilar. We call this datastructurea matd graph
(Figure 10). Eachedgeis associatedvith a time alignmentandis
assigned costequalto the averagevalue of the time alignments
cells. We de ne the distancebetweertwo nodesasthe costof the
minimal-costconnectingpathonthematchgraph.Thematchgraph

Figure 10: An examplematchgraph. Thequeryis in the dottedbox andthe other
nodesarematchesEdgesndicatenumericalsimilarity.

canby itself be of interestsinceit depictsnumericalsimilarity re-
lationshipsin the matches.To illustrate, Figure 10 shavs a match
graphwherethe querywasa front kick; notethe progressiorfrom
front kick to standingsidekick to leapingsidekick.

When processingjueriesotherthanthe initial query we must
decidewhethereach‘new” matchis a heretoforeunseermotionor
aduplicateof anexistingmatch.Whendoingthis, we mustaccount
for thefactthat,in practice duplicateswill overlapagreatdealbut
not spanidenticalintenals of frames.Let M bethe currentquerg
andM®be a newly identi ed match. We startby comparingM
agpinsteachnodeandrecordthe onewith the greatestdegree of
overlap, M max If this maximumoverlapis lessthana tolerance
5, MY%s addedto the matchgraphasa new nodealongwith an
edgeconnectingt to M. If themaximumoverlapis greatethans,
thenthe frameintenval of M nax is averagedwith thatof M Oandan
edgeis addedbetweenM andM may. Otherwise M%is discarded.
Appropriatevaluesfor s ands dependon the query In general,
we have founds 80%ands  20% to work well, but queries
involving multiple periodsof a cyclic motion(e.g,walking) require
largervaluesof 5 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 3sto 75s,andit includedboth motionswherethe actorper
formeda scriptedsequencef speci c movesandmotionsconsist-
ing of randomvariationsof the sameaction. The former classof
motionsincludedpicking up andputtingbackobjectsat prede ned
locations,walking/joggingin a spiral at differentspeedsstepping
onto/of of platformsof variousheights,andsitting down/standing
up usingchairsof variousheights.The latter classof motionscon-
sistedof kicks, punchesgartwheelsjumping,andhoppingon one
foot. All experimentavereranonamachinewith 1GB of memory
anda 1.3GHzAthlon processor

Figurel1 shavs somequerymotionsandthe setsof thematches
returnecby our system.In eachcasetheentiresearctprocessook
lessthanhalf a second.Manually croppingmatchedrom the data
setwith similar precisionwould be quite tedious,especiallyin the
caseof thewalking query where95 matchesvereidenti ed.

Theremaindeof this sectionprovidesdetailson the processing
time andstorageneededo build matchwebsandexecutesearches,
presentsesultsontheaccurag of thesearchandbrie y discusses
someadwantagesndlimitations of our approach.

Time and Storage. We initially constructech matchweb for the
entiredatasetby building alow resolutionversionat 10Hzandthen
re ning it in two stages,rst to 20Hzandthento 60Hz. Thetotal
computatiortime was50.2minutes.Without compressiorthesize
of thematchwebondiskwas76.2MB.While thisis threetimesthe
sizeof the original data,it nonethelessomfortably ts into main
memory Applying a standarccompressiomlgorithm(Lempel-Zv
encoding,asimplementedn gzip) reducedthe size by a factorof
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Figure 11: In clockwiseorderfrom the upperleft, searchresultsfor reaching,
kicking, walking, andjumping. Querymotionsaregreenandmatchesareblue.

threeto 24.6MB. Findingmatchedor a 1.5squerytook on average
0.024s.Sinceeachmatchis usedasa newv query thetime needed
for a full searchdependn how mary matchesare found — for
example, nding 100matchesvould take about2.4s.

Usingjust the namesof the data les, we next divided the data
setinto six cateyories: cartwheels,ghting, reachinglocomotion,
jumping/hopping,and miscellaneous. Eachindividual data le,
however, still containednultiple actions;for example,one“reach-
ing” le containedsix reachingmotions, mary walk cycles, and
somemotion of the actorreadyinghimself. Separatanatchwebs
werebuilt for eachcateyory, which took a total of 3.4 minutesand
consumedi5MB of disk spacewithoutcompressionSearchinghe
reachingandlocomotionmatchwebs,which eachcomprisedabout
a quarterof the data,took on average0.006sfor a 1.5squery or
abouta quarterof thetime neededn theunlabelledcase. Thesere-
sultsmay beinterpretedasfollows. Building a matchwebrequires
O(n?) time for a datasetof n frames,andso dividing the dataset
into six piecesshouldreducecomputationtime by roughly an or-
derof magnitudgseeSection5 for morediscussioron scalability).
On the otherhand, motionsin differentcateyoriestendto be dis-
similar andhencehave sparsematchwebs,sodividing up the data
setproducesamoremodestsavzingsin storagethanin computation
time. The reducedsearchtime stemsfrom our searchalgorithm
beinglinear in the size of the dataset, so smallerdatasetsyield
proportionatelyfastersearches.

Accuracy. To testthe accurag of the searchresults,we rst re-
strictedsearcheso data les in the samesemanticcategory asthe
query We enteredqueriesof walking, jogging, jumping, hopping,
punching cartwheelingsittingdown/standingup, steppingonto/of
of platforms, kicking, and picking up an object. For eachquery
we attemptedo nd a distancethresholdthatwould nd all log-
ically similar motion sggments(identi ed manually)and nothing
else.Thiswaspossiblefor all but thelasttwo queries.For thekick
query we wereableto nd all kicks involving the sameleg except
for aspinningbackkick. Thiskick wassufciently differentthatit
did not have strongtime correspondencesith ary otherkick (cri-
terion 2 in Section3.1). For the query of a charactempicking up
anobjectfrom a shelf,the systenreturnedevery motioninvolving
reachingo the shelf,but in half the caseghe charactemwasputting
the objectback. A humancandistinguishthesemotionsbecause
thereachingarmis initially hangingdownwardswhenpicking the
objectup andbentwhenputtingit back(seeFigure12). However,
thisdifferences sufciently subtlerelativeto therestof themotion
thatour systemcouldnotdiscernit.

We next ranthe sameexperimentausingtheoriginal, unlabelled
dataset. The resultswere identical, with two exceptions. First,
morematcheswverereturnedor thewalking query sincesomemo-
tionsnotlabelledaslocomotioncontainedshortsggmentsof walk-
ing. Second,for the reachingquery we found that ary distance

Figure 12: Dueto their strongnumericalsimilarity, our systemconfusespicking
up anobject(left) with puttingit backto the samelocation(right).

Figure 13: Left. Relatie to a middle reach(1), a high reachs (2) numerical
distanceis comparablédo looking over one's shoulder(3), but it is closerin termsof
graphdistance Right. For aqueryof alowerleft reach(1), ary thresholdthatreturns
an upperright reach(2) asa rst-tier matchalso returnsspuriousmatchessuchas
walking (3).

thresholdlarge enoughto returnall of the datasets 17 reaching
motions also included spuriousmatches. This is becausesome
reachingmotionswere sufciently differentthanthe othersthat,

in termsof our numericalsimilarity metrics,they werecomparable
to logically unrelatedmotionssuchaslooking over one's shoulder
(Figure13). However, whensortedin orderof increasingdistance
tothequery the rst 17 matchesverethetruereachingmotions.

Discussion. Our searchalgorithmde nes matchesasmotion seg-
mentsthatareeithercloseto the queryor connectedo it via a se-
guenceof closeintermediarymatchesThis allows oneto nd dis-
tantmatchesvhile still usingsmaller morereliabledistancehresh-
olds that pruneunrelatedmotion sggments. For example,given a
query of someonaeachingto the lower left, ary distancethresh-
old large enoughfor an uppetright reachto be considerecclose
(i.e.,a rst-tier match)alsoproducednary spuriousmatchessuch
aswalking motions(Figure 13). On the otherhand,usinga lower
thresholdandmulti-stepsearchcorrectlyidenti ed the upperright
reachascloserto the querythanary othernon-reachingnotion.

Nonethelesssomematchesnaybesufciently farfrom theoth-
ersthatto nd themonemustuseathresholdwvhichwill alsoreturn
spuriousmatches. Sincethesespuriousmatchesare usedas new
queriesthey canleadto additionalspuriousmatches.Two possi-
ble solutionsareto incorporatesemantianformation,which prunes
the spaceof candidatematchesandto sortthe matcheshasedon
shortest-pattdistanceto the query on the assumptiorthat spuri-
ousmatchesave a greatertotal distancethantrue matcheslin our
experimentshothof theseweresuccessful.

If onelogical matchis very far from the others,thenit may not
be possibleto generatecleartime correspondencesith ary other
match(thatis, the secondcriterion of Section3.1 would fail). In
this case that matchwill not be partof the matchweb andcannot
befoundby our system.We believe this is reasonabléecaus®ur
ultimate goalis to blendthe matchego createparameterizedno-
tions, anda matchthatis this differentfrom the othersis unlikely
to yield successfublends.

4 Parameterizing Motion

Onceexamplemotionshave beencollected they canbeblendedo
createnenv motions[Wiley andHahn1997;Roseetal. 1998]. Sev-
eral blendingalgorithmsarein the literature;we usethe onesug-
gestedby Kovar andGleicher[2003]. While a synthesizeanotion
can be adjustedsimply by varying the blend weights,in general
blendweightshave no simplerelationshipto motion features.To
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provide moreintuitive control,we parameteriz¢he spaceof blends
accordingto a usersuppliedparameterizatiofunctionf thatcom-
putesrelevant propertiesof the initial query motion Mq. For the
following discussionwe assumehat the inputsto f arejoint po-

sitionsandorientations.This allows a wide rangeof propertiesto

sene asthebasisfor the parameterizatiorincludingthelocationof

anendeffectorata pointin time; the average minimum, or maxi-

mumangularvelocity of ajoint; or featuref aggr@atequantities
suchasthe centerof mass.

Abstractly f mapsa setof blendweightsw to a parameterec-
tor p. Our goalis to invert this function: given a setof parame-
ters, we want blend weightsthat producethe correspondingno-
tion. Unfortunately in generalf 1 hasno closedform represen-
tation. Moreover, sincethe numberof examplesis almostalways
greateithanthedimensionalityof the parametespacef is amary-
to-onefunction, and thus computingf 1 is anill-posed problem.
In light of this, we usescatteredlatainterpolationto constructan
approximaterepresentatiomf f 1 from a setof discretesamples

with asamplewherep = f(M;) andw hasL in theit" positionand0

everywhereelse. Givena new setof parameterp®, nearbyparam-
eter samplesareidenti ed, andtheir blend weightsare averaged
accordingto the distanceto p® This procedureusesthe sampled
blendweightsto restrictthe setof possibleoutputblendweights,
makingthe computatiorof f 1 well-posed.

Theapproximatiortof ! becomesnoreaccurateastheparame-
ter spacdas samplednoredenselyandin thelimit thesamplespro-
vide alookuptablethatdirectly mapsparameter$o blendweights.
Uniform samplingis alsodesirablédbecauselustersof samplesan
skew the approximation.For instancejf the closesteighborsare
all duplicateof the samesampletheapproximatiorsimply returns
that sample. However, the samplingof parametesspaceprovided
by the examplemotionsis not guaranteedo be denseor uniform,
andhencethe approximatiorof f 1 may be inaccuratg(Figure2).
To correctthis, we generatéblendsto createadditionalsampleof
f 1, with the goal of ensuringthatthe parametespaceis sampled
denselyanduniformly. This requiresaddressinghe following is-
sues:

1. Motion registration. Motions mustberegisteredin time be-
forethey canbeblended We exploit thestructureof thematch
graphto automaticallyregisterthe examplemotions.

2. Sampling strategy. To scaleto large numbersof examples,
we samplesubset®of blendweightsby nding setsof exam-
ple motionsthatarenearbyin parametespace.Theseblend
weightsareconstrainedo reasonablealuesthatrepresenei-
therinterpolationsor limited extrapolations.

3. Fastinterpolation that presewvesconstraints. We usea k-
nearest-neighbotechniquehatis ef cient for largeexample
setsandrespectdblendweightconstraints.

In theremaindeof this sectionwe provide moredetailsoneach
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 example motions, then eachpoint on s is an Ne-dimensional
vectorspecifyinga setof correspondingrametimes. Eachdimen-
sionof sis requiredto be strictly increasingsothatgiven a frame
of motion, the associatecpoint on s can be uniquely identi ed.
While earlywork in motion blendingconstructedimewarp curves
manually[Roseet al. 1998], more recentwork [Kovar and Gle-
icher 2003] hasautomaticallydeterminedframe correspondences

by minimizing the distancebetweenmatchedframes. This is ac-
complishedhroughthe samedynamicprogrammingmethodshat
werediscussedn Section3. While this strategy works well when
motionsareclose,it canfail for moredistantmotions.For example,
if two reachingmotionstarget very differentlocations(Figure 1),
thenframesat the ape of eachreacharethe mostdissimilarin the
two motions. The optimizationwill henceexplicitly avoid match-
ing theseframestogether

This problemcanbe avoidedby using“in between”motionsto
infer the timing relationshipbetweendistantmotions. We startby
using Dijkstra's algorithm to identify the shortestpath from the
query Mg to every other motion in the matchgraph. Any edge
thatis not on one of theseshortestpathsis discarded. For each
remainingedge,we usedynamicprogrammingo calculatea nen
time alignmentfor the nodesit connects.This is reasonablsince,
by constructiongdgeson the matchgraphonly connectclosemo-
tionswith “obvious” time correspondencg$§ection3.1). We next
t anendpointinterpolating,strictly increasingsplineto the time
alignmento generate propertimewarpcurve [KovarandGleicher
2003]. Givena frameof Mg, we cannow nd the corresponding
framein ary othermotionby walking down the shortespath,using
thetimewarp curve at eachedgeto corverttheframeof the current
motionto thecorrespondindgrameof the next motion. In this man-
nerfor ary frameMg(tq) we cangenerate framecorrespondence

warpcurwve for theentirematchgraph,we sampleM q to generate
densesetof thesdramecorrespondencemndt anNe-dimensional,
strictly increasingendpointinterpolatingspline.

If ary partof the parameterizatiofunctioninvolvesthe skeletal
con guration on a speci ¢ frameM q(tp), thenthis frameindex tg
is corvertedto the correspondingndex ug on the timewarp curve.
This allows the parameterizatiofunction to be computedfor ary
otherexamplemotionandfor ary blendof the examples.

4.2 Sampling

While our goalis to producea densesamplingof parametespace,
we only have directcontrol over the blendweights.A simplestrat-
egy is henceto indirectly samplethe parametespaceby densely
samplingthe blend weights. However, this is infeasiblefor large

examplesetsbecausehe dimensionalityof the blendweightspace
is proportionalto the numberof examples,and so the numberof

samplesneededo achiese a given samplingdensitygrows expo-

nentiallywith the numberof examples.Moreover, suchasampling
would be redundantbecausd is a mary-to-one function — the

sameregion of parameterspacewould be coveredrepeatedlyby

differentsetsof blendweights.

Thesedif culties canbe avoided by limiting blendsto subsets
of examplesthat are nearbyin parameterspace. Intuitively, the
goal of samplingis to Il in the gapsin parametespace andthe
most natural stratgy for lling ary given gap is to combinethe
closestexamplemotions. For example,imaginethe examplesare
variousreachingmotionsandwe wantto sampleblendsthatreach
nearchestheight. This could theoreticallybe doneby combining
motionsthatreachto the groundwith onesthatinvolve standingon
tiptoes,but it is moresensibleo insteadcombineexamplemotions
thatreachwithin a similar region.

We canturn this intuition into analgorithmasfollows. First, we
computethe parametersf eachexamplemotion. To approximate
the accessibleegion of parameterspace,we computea bound-
ing box and expandeachdimensionby a x ed percentagebout
the centralvalue (20%in our implementation) We thenrandomly
samplepointsin this region andfor each nd thed+ 1 example
motionswith the closestparametersyhered is the dimensionality
of the parametespace.We usethis numberof neighborshecause
it is the minimum necessaryo form avolumein parametespace.
The weight of every othermotionis setto zero,anda randomset
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of weightsis generatedor the neighborsunderthe restrictionthat
theseweightsbe nearlyconvex, or valid. Speci cally, we require

d w 1+d, §w=1 @

where d controlsthe allowable degree of 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 beenassignedsalues;ini-
tially S= 0. While unassignedveights exists, randomly select
oneof theseweightsw. If w is the last unassignedveight, setit
tol S Otherwiserandomlyassignit a value from the intenal
[max d; d 9;min(1+ d;1+ d 9S)]. Thisensureshatbothw
andS+ whaveavaluein therange] d;1+ d]. Thelattercondition
is importantbecausét guaranteethatthe nal weightis valid.

To preventparametesamplegrom beingtoo close for eachnew
samplethe closestexisting sampleis found andthe formeris dis-
cardedif the distanceis belov a threshold. In our experiments,
which focusedon joint positions this thresholdwashalf aninch.

4.3 Interpolation

Given a new setof parameterg, we usek-nearest-neighboris-

terpolationto nd blendweightse that producethoseparameters.

distanceandlet w; be the blendweightsassociatedvith p;. & is
approximateds

k
w= 'é ajw;: 2

Following Allen etal [2002], eacha; is initially assignedhevalue

1 1
D(p;pi) D(B;pk)’

whereD computeghedistancebetweertwo parametergEuclidean
distancein our implementation) Theseweightsarethennormal-
izedsothey sumto 1. Sincethea; arenonngative andsumto 1, &
is insidethe corvex hull of thew;, andit is straightforvardto shov
thate thereforesatis estheconditionsin (1). Thisensureshatary
parameterspeci ed by the userwill producea motionwithin the
spaceof valid blends.In particular parametershat are not attain-
ableareprojectedontothe accessibleegion of parametespace.

As aresultof our samplingprocedureatmostd + 1 elementof
eachw; arenonzero.Thisimpliesthate will in theworstcasehave
k(d + 1) nonzeroweights,andin practicetherearefewer because
nearbyparametersamplestend to have the sameset of nonzero
weights. Since motionswith zero weight can be ignoredin the
blendingcalculation,the asymptoticrun time of our algorithmis
independenof the numberof examples.This analysisneglectsthe
costof nding thek nearesheighborsput we have foundthateven
a bruteforce nearesneighborcalculationis negligible relative to
the costof computinga blend.

®)

aj =

4.4 Results and Applications

We have implementedhe above algorithmsandusedthemto cre-

ateavariety of parameterizedhotions;seeTable 1 for asummary

In eachcasewe generatec thousangarametesamplesisingthe

methoddescribedn Sectiord.2. Thetime neededo generat¢hese
samplesvariedfrom 1.7sto 6.7s,and after eliminatingredundant
samplesthe storagecost was 8.2% of the example motion data
in the worst caseand 3.2% on average. In all of our experiments
new motionscould be synthesizedn realtime, andthesemotions

matchedthe users tamget parameterso within visual toleranceas

long asthey werewithin the accessibleegion of parametespace.
We setk = 12 whenperformingnearesheighborinterpolation.

[ Motion | #Examples | Parameterization |
reach 6 ape of reach
walk 96 nal rootpositiononground
kick 4 tamgetlocation
sit 2 lowestheightof hips
stepup 4 heelheightwhenon platform
punch 7 targetlocation
hop 4 nal rootpositiononground
cartwheel 11 nal rootpositiononground

Table 1: Parameterizednotionshbuilt in our experiments.

Figure 14: visualizationof the accessibldocationsfor the ankleof a kick (upper
left), wrist of areach(lower left), and nal positionof awalk cycle (right). Largered
cubesshav parametersf examplemotions;smallgrey cubesaresamplecdbarameters.

In addition to providing more accurateparameterizationshe
sampledparametergan be usedto visualizethe rangeof synthe-
sizablemotions. Figure 14 shavs somecaseswherethis canbe
accomplishedsimply by draving markers at the location of each
parametesample Anotherapplicationof our methodds automatic
removal of redundanexamplemotions,which canreducethe pa-
rameterizednotion's memoryfootprint. For eachexamplemotion,
we computdts parameterandseeif they canbereproducedvithin
auserspeci edtoleranceby interpolatingnearbyexamples If so,it
is discarded For our parameterizegvalk, we removedall example
motionswherethe nal rootlocationcouldbereproducedo within
aquarterinch, reducingthe numberof motionsfrom 96to 46. The
parameterizegvalk alsoshavs the scalabilityof our scatterediata
interpolationmethod:includingall 46 examplemotionsin a blend
takesanorderof magnituddongerthanusingour algorithm.

Theautomatiorprovided by our systemmalesit feasibleto ex-
perimentwith unusualparameterizeanotions. Startingwith 34s
of cartwheeldata,we built a parameterizednotionwherethe user
couldcontrolthe nal positionof asequencef cartwheelsTheto-
tal amountof time neededo build the matchweb,identify a partic-
ular cartwheel executea searchfor othercartwheelsandgenerate
parametesamplesvaslessthanthirty seconds.

5 Discussion

This paperhas presentecautomatedmethodsfor extracting logi-
cally relatedmotionsfrom a datasetand corverting theminto an
intuitively parameterizedpaceof motions. One contrikution of
this work is a novel searchmethodthat usesnumerically similar
matchesas intermediarieso nd more distantmatchestogether
with a precomputedepresentatiomf all possiblysimilar motion
segmentghatmakesthis approactef cient. A seconccontrikbution
is anautomatigprocedurdor parameterizing spaceof blendsac-
cordingto userspeci ed motion features.This algorithmsamples
blendsto build anaccurateapproximatiorof the mapfrom motion
parameterso blendweights,andit usesa scalablescattereddata
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interpolationmethodthatpreseresconstrainton blendweights.
We concludewith abrief discussiorof thescalabilityandgener
ality of our methods.

Scalability. For our testdataset,which we believe is sizeablerel-
ative to whatis usedin currentresearchthe time and spacecosts
for building andstoringamatchwebwerequitemanageable-How-
ever, a matchweb for a datasetof n framestakes O(n?) time to
construcendO(n?) spaceo store. Thetime costscanbemitigated
by using a multi-resolutionconstructionmethod(as discussedn
Section3.2) and by computingmatchwebsfor different pairs of
motionsin parallel,and storagecanbe reducedthroughcompres-
sion algorithms. Nonethelessfor massie databaseg will not be
feasibleto build matchwebsfor every pair of motions. A simple
solutionis to partitionthedatabaséto independenmoduleshased
on semanticcontentand computematchwebsseparatelyfor these
modules.Sincea very large databasevill containmary unrelated
motions,sucha division would be naturalandis likely to already
bere ectedin the organizationof the data les. The development
of alternatvesto matchwebsthatareasymptoticallymoreef cient
yethave similar performanceharacteristicss left for futurework.
While our parameterizatioralgorithmsapply in theory to pa-
rameterspacesof arbitrary dimensionality in practicethey are
limited by the quantity of available data. Roughly speaking,we
needat leastenoughexamplesto cover every combinationof min-
imum/maximumvaluesfor individual parametergthe “corners” of
the space) and more examplescan provide higherquality results.
Thenumberof necessargxamplemotionsis henceexponentialin
thenumberof parametersDevelopingmethodgo easethedatare-
quirementsvhile preservingnotionquality is left for futurework.

Generality. While we have focusedon parameterizatiofunctions

involving joint positionsand orientations,our methodsallow pa-

rameterizationdasedon abstractpropertiedike mood. For quali-

tative featuredik e thesewhereaccurag is lessmeaningful we can

simply skip the samplingstepof Section4.2 and apply scattered
datainterpolationdirectly to the examplemotions.

Motion setsfound by our searchengineare not guaranteedo
beblendable For example,oneof our querymotionsconsistef a
charactesteppingowardashelf,pickingup anobject,andwalking
away. While our systencorrectlyidenti ed theeightotherpicking-
up actionsin thedatabasean threeof thesetheinitial stepwaswith
thewrongfoot, andsothesemotionshadto bediscarded Similarly,
we tried to constructa parameterizeteapingmotion but foundthe
blendedbody trajectoryto be physically implausible. More gen-
erally, the only reliable way of determiningwhethermotionscan
be successfullyblendedis to createandlook at speci ¢ blends.In
light of this, oneof the primary advantagef our systemis thatit
greatlyspeedsandsimpli es the procesof experimentation.
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