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Figure 1: A sneaky style component is added to a normal walk (left image, left character) to synthesize a sneaky walk (left image, right
character). The style component transfer is reversed, applying an upright and casual walking style to a sneaking motion (right image, left
character) to produce a walk-like sneak, which appears as a tipto eing motion (right image, right character).

ABSTRACT

We proposea novel methodfor interactive editing of motion data
basedonmotiondecomposition.OurmethodemploysIndependent
ComponentAnalysis (ICA) to separatemotion datainto visually
meaningfulcomponentscalled style components.The user then
interactively identi�es suitablestyle componentsandmanipulates
thembasedon a proposedsetof operations.In particular, theuser
cantransferstylecomponentsfrom onemotionto anotherin order
to createnew motionsthat retaindesirableaspectsof thestyleand
expressivenessof theoriginalmotion.For example,aclumsywalk-
ing motioncanbedecomposedsoasto separatetheclumsynature
of the motion from the underlyingwalking pattern. The clumsy
style componentcan thenbe appliedto a runningmotion, which
will thenyield a clumsy-lookingrunningmotion. Our approachis
simple,ef�cient andintuitive sincethecomponentsarethemselves
motiondata. We demonstratethat the proposedmethodcanserve
asaneffective tool for interactivemotionanalysisandediting.

CR Categories: I.3.7 [ComputerGraphics]:Three-Dimensional
GraphicsandRealism—Animation;I.6.8 [SimulationandModel-
ing]: Typesof Simulation—Animation.

Keywords: motioncapture,motionediting,animation

1 I NTRODUCTI ON

Motion capturedatais commonlyusedto animateinteractive char-
acters. It producesrealistic and high quality syntheticmotion.
However, producingvariationsof the motion to satisfynew situ-
ationsandconstraintsis not intuitive,andoftenresultsin unnatural
motion.

A greatamountof researchwork aimsto provide theanimators
with tools to manipulatemotion. The proposedtechniquesrange
fromsimplekey-framingandsignalprocessingto differentformsof
spacetime optimizationandstatisticalmodeling.Suchtechniques
areoften computationallyexpensive or not intuitive for animators

� ashapiro@cs.ucla.edu
†abingcao@cs.ucla.edu
‡pfal@cs.ucla.edu

that arenot technicallyoriented. In any case,mostof thesetech-
niqueseither adjustmotion basedon a set of constraintsor they
abstractrecordedmotion throughstatisticalmodeling. Thereare
few techniquesthatallow theanimatorto editdirectly thestyleof a
motionin intuitiveways.This is thefocusof ourwork.

We introducea novel methodfor decomposingmotioninto var-
iouscomponentswhich canrepresentthestyleandexpressiveness
of a motionwithout theneedto key-frameanimationor to analyze
frequency bands.Theresultingcomponentscan,in turn,beapplied
to othermotionsthrougha variety of editing operations,generat-
ing new motionsthatretainthebasiccontentof theoriginalmotion
while addingthestyleof thecomponentmotion.Thus,motionrep-
resentingapersonwalking in asneaky mannercanbedecomposed
soasto extractthesneakinessof themotion. This sneakinessstyle
componentcanthenbeappliedto a normalwalk in orderto create
a sneaky-looking walk. Conversely, our methodallows the recip-
rocalapplicationof styleto theabove example.Thecharacteristics
of awalkingmotioncanbeextractedasaseparatestylecomponent
andin turnaddedto asneaky motion,yieldingawalk-likesneaking
motion. In addition,theamountof thestylecomponentcanbe in-
terpolatedsoasto createacontinuumof differentmotionsbetween
the original motion andthe new stylizedmotion. Thus,the origi-
nalwalk from theexampleabovecouldbecombinedwith asneaky
stylecomponentin orderto createamotionthatis halfwaybetween
sneakingandwalking. Thus,we cancreatetransitionsbetweenthe
originalmotionandthenew, stylizedmotion.

Motion decompositionis performedautomaticallythroughIn-
dependentComponentAnalysis (ICA). A user then interactively
selectsoneor moreof theresultingstylecomponentsthatbestrep-
resentthe style of the desiredmotion. The componentsresulting
from thedecompositionaredisplayedvisually for theuser. These
componentscanbecombinedtogetherwith avarietyof visualedit-
ing functionsto betterrepresenttheexpressivenessandnuancesof
the motion. The chosenstylecomponentsarethenappliedto the
original motion yielding a new, stylizedmotion. Unlike previous
methodsfor stylizingmotions,ourmethodis completelyvisualand
requiresno knowledgeof key framing, frequency bandsor statis-
tical analysis.Our approachis the basisof a simpleandintuitive
interactive tool for analyzingandeditingmotiondata.

The remainderof the paperis organizedasfollows. Section2
providesanoverview of relatedwork andbackgroundinformation.
Section3 describesour motion decompositionmethod. Section4
explainshow we interactively edit motions.Section5 presentsour
resultsanddiscussesthe limitationsof our approach.Lastly, Sec-



tion 6 concludesthepaper.

2 REL ATED WORK

Motion capturesystemsand recordeddataare readily available.
Applying recordedmotionto virtual charactersproduceshighqual-
ity motionef�ciently andeasily. However, it not practicalor even
possibleto capturethe entirerangeof motionsthat an interactive
charactermightneedto perform.

In orderto remedythis shortcoming,motion synthesisapplica-
tions [2, 19, 18, 16, 15] usea �nite databaseof motionsegments
which canbesynthesizedinto longermotions. The focusof these
algorithmsis ef�cient searchingof themotiondatabasefor motion
segmentsthatsatisfythecontrolparameters,suchasauser-de�ned
pathor annotations,anda rangeof physicalconstraints.Note,that
Li et al [19] usea Linear DynamicSystem(LDS) to abstractthe
motion databaseandprovide a searchalgorithmthat works in the
LDS space.

Retargeting transfersmotionsgeneratedfor onecharacteronto
another. Gleicher[8] andShinet al [27] mainly solve theproblem
of motionretargetingby applyingmotionsto characterswith differ-
ent body proportions.While the processof retargetingeffectively
changessomeaspectsof theoriginal motion, its goal is to transfer
movementcontent,notmovementstyle.

VasilescuandTerzopoulos[31] usemultilinear analysisto ex-
tract stylistic aspectsof facial motion from threedifferent actors
andreapplythestyleto eachother. Thismethodwasnotperformed
on full-body animation.PullenandBregler [23] createstatistically
similarvariationsof anoriginalmotionusingamulti-level sampling
technique.The animatorcankey framea subsetof the DOF of a
characterandautomaticallyprovide key framesfor the remaining
DOFs.

Motion editing,which is thefocusof our work, is a challenging
problemthathasreceived a lot of attention.Earlierwork exploits
mostly ideasfrom signalprocessing.Bruderlin andWilliams [5]
applysignalprocessingoperationsto provide stylistic variationsof
the original motion. Using a small numberof key frames,Witkin
and Popović [33] warp motion to satisfy new constraints. Gle-
icher[9] alsoproposesaninterestingwarpingtechnique.

Of closestrelation to our methodare thoseworks that seekto
transferthestyleof onemotionto another. Thus,ourgoalsarevery
similar to thoseoutlinedby Unumaet al [29], which usesFourier
techniquesto changethestyleof humangaitsthroughextrapolation
andinterpolationof differentmotions. Our methoddiffers in that
it is entirely visual andreliesupona user's decisionto determine
whichstylisticaspectsto retain.

Urtasunet al [30] usePCA to decomposesetsof motion data,
suchaswalking andrunningat differentspeeds,andusePCA co-
ef�cients to synthesizemotionswith differentcadencesandstyles.
Stylistic variationscanbesynthesizedby relatinga new motionto
the coef�cients that arestoredfrom the decomposedmotion sets.
Our work differs in that we do not needto generateexamplesof
motiondata�rst; weareableto transferstyleusingonly oneexam-
ple motion. Also, our methodis not ableto synthesizemovement
atdifferentspeeds.

Amayaet al [1] extractemotionby comparingneutralandnon-
neutralmotions.Thedifferencebetweenthemotionsis thenadded
to anotherneutralmotion to give that third motion thestyleof the
non-neutralmotion. Our methoddiffers in that we do not require
onemotionto beneutralwhile theotherrepresentsthenon-neutral
emotion. Rather, our methodallows you to useany two motions
with varyingamountsof emotionalor stylistic contentandtransfer
visually selectedstylisticaspectsbetweenthem.

Roseetal [24] borrow theverb-adverbparadigmfrom speechto
annotatemotionsinto basic,verbs,andmodi�cations,adverbs.In-
terpolationbetweenmotionsyieldsa convex setof variations.Our

methoddiffers in thatwe do not interpolatebetweentwo motions,
but extractspeci�c stylisticmarkersrelatedto onemotionandapply
it to another.

BrandandHertzmann[4] andTancoandHilton [28] both use
HiddenMarkov Models to capturethe style of recordedmotions.
Thesestylescanthenbereappliedto novel motions.However, be-
causethe motion primitivesarerelatedto the hiddenstatesof the
modelsthey cannotbeeditedexplicitly.

Mostrecently, Hsuetal [12] performedstyletranslationbetween
motionsby learningatranslationbetweeninputandoutputmodels.
TheirmethodusesIterativeMotion Warpingto computecorrespon-
dencesbetweenmotions.Unlike theirmethodwhichkeepsdegrees
of freedom(DOF) separatein order to extract stylistic aspectsof
motion,theICA decompositiondescribedin thispapergroupsDOF
togetherin orderto �nd correlationsbetweenthem.

Physically-basedmethodshave also beenusedin order to ap-
ply style from one motion to another. The methodfrom Liu et
al [20] constructsa physical modelandusesoptimizationto syn-
thesizea new motion using physical parametersfrom a different
motion. Thesephysicalparametersencodethestylistic variations.
Although physically-basedmethodsareableto handleconstraints
thatareotherwiseinaccessibleto kinematicmotions,anextremely
detailedphysicalmodelwould beneededto extractsubtlenuanced
gesturesthatarepartof anin-depthstylistic transfer. For example,
our methodcanextract theshakinghandsof anold man(seeSec-
tion 5.4). This shakingwould be dif�cult to achieve with only a
coarsephysicalmodel.

Of particularrelation to our work within the domainof statis-
tical modelingare the techniquesthat provide editing parameters
throughmotiondecomposition.Chuanget al [7] proposea factor-
ization methodthat separatesvisual speechinto style andcontent
components.Wangetal [32] separatefacialexpressionsfrom facial
contentusingdimensionalityreduction.Caoet al [6] useIndepen-
dentComponentAnalysis to capturethe emotionalcontentof vi-
sualspeechfor editingpurposes.Theauthorsextractfacialemotion
componentsby automaticallyexaminingtheregionsof thefacethat
they affect. In contrast,weallow theuserto interactively chooseas-
pectsof themotionthatrepresentstyleor emotionfrom any partof
the body. The ideaof usingICA for editing andsynthesizinghu-
manwalkinghasbeenproposedby Mori andHoshino[22]. Saisan
andBissacco[25] show thatICA canbeusedto modelsubtletiesof
cyclic motiondatafor humanbodies.Also, Bissaccoet al [3] use
a modi�ed versionof ICA to generatedynamicmodelsof human
walking.

2.1 IndependentComponentAnalysis

IndependentComponentAnalysisis anunsupervisedlearningtech-
nique[14] thatseparatesa setof observedrandomvariablesinto a
linear mixture of hiddenrandomvariablesthat arestatisticallyin-
dependent.We call thesenew randomvariablesindependentcom-
ponents. Cao et al [6] provides a good descriptionof ICA and
a comparisonwith the more well-known decompositionmethod,
PrincipalComponentAnalysis(PCA).In thiswork,wefollow their
notation.

The mathematicsof ICA arestraightforward. Given a setof n
randomvariablesx1; : : : ;xn eachof themcanbewritten asa linear
mixtureof n latentor hiddenvariablesu1; : : : ;un, suchthat

x j =
n

å
i= 1

a j iui ;

or in matrixnotation
x = Au: (1)

A numberof ICA algorithmsexist to estimatethemixing matrixA.
EstimatingA is suf�cient, becauseif thematrix is known, inverting



Equation1 yieldstheindependentcomponentsu = Wx. Weusethe
publicly availableMatlab[21] implementationof theFastICA[13]
algorithm.

Applying ICA involves a two stagepre-processing.First, the
datais centeredaroundits statisticalmeanE[x]. Thenthecentered
datais decomposedinto a setof uncorrelatedvariables,typically
usingPCA.Thecompletemodelis asfollows:

x = Ef xg+ PAu; (2)

whereEf xg is theexpectationof x andP is then� mPCAmatrix.
Thenumberof principalcomponentsdeterminesthenumberof

independentcomponents.We candecideto keepm < n indepen-
dentcomponents,effectively reducingthedimensionof ourdata.

3 M OTI ON DECOM POSI TI ON

We canspecifymotioncapturedatain termsof Euclideancoordi-
natesorusingjoint angles.TheEuclideancoordinaterepresentation
speci�es the locationof the markers in Euclideanspacefor each
capturedframe.Hierarchicalanglerepresentationmodelsthechar-
acterasa setof hierarchicaljoints. Data is typically represented
by a setof Euleranglesandoffsetsfrom theparentjoints. There-
sultsof theICA decompositionvary accordingto theformatof the
motioncapturedata.

3.1 ICA PerformanceWith Differ ent Representations

The ICA algorithm works on a matrix whoserows representthe
individual framesof a motion, and whosecolumnsrepresentthe
differentchannelsor degreesof freedomof themotion. Thus,the
ICA decompositioncan be performedon either the 1) Euclidean
coordinatepoint representationof the motion, the 2) Euler angles
representingtherotationof thejoints,3) quaternionsthatrepresent
therotationof thejoints,or 4) anexponentialmaprepresentingthe
rotationof the joints. Similarly, a transformationmatrix could be
derived from the Euler anglesand, in turn, submittedto the ICA
decomposer.

However, sincethe ICA algorithmresultsin a linear decompo-
sition of the input data,it will producevisually unintuitive results
whenthe input consistsof a seriesof Euler angles.This is likely
relatedto theproblemof Gimbal lock, wherea linearcombination
of Euleranglesdoesnot alwaysresultin a smoothinterpolationof
thedesiredangle.Thus,thesynthesizedcomponentmotionshows
sporadictwistsandturnsthatgreatlydisrupttheappearanceof the
motion.ThismakesEuleranglesapoorchoicefor theICA decom-
position.Quaternionscanbeusedby submittingthefour valuesof a
quaternionto theICA decomposer. Themotionsdecomposedfrom
quaternionsdo not suffer from the extremerotationsthat we see
with the Euler angles.However, the quaternionrepresentationre-
sultsin subtlerotationsthatdiffer slightly from theoriginalmotion,
sincetheprocessof linearcombinationdoesnot properlyseparate
the quaternionin a meaningfulway, either. The resultsof quater-
nion decompositionaremorevisually intuitive thanthoseof Euler
angledecomposition.Grassia[10] showsthatexponentialmapsare
a goodrepresentationsfor rotations,but arenot well suitedfor pa-
rameterizationsacrosscontinuousframesandthusarenotused.

The Euclideancoordinaterepresentation,sinceit doesnot in-
volve rotations,doesnot suffer from the sameproblemasthe ro-
tational representationsindicatedabove. Since the input to the
ICA decomposerconsistsof points in Euclideanspace,the ICA
decompositionandmotionsynthesisgivesvisually meaningfulre-
sults. Euclideanspacecanbelinearly interpolatedwithout strange
sideeffects.Thesynthesizedmotiondoes,however, resultin slight
changesin the lengthof our animatedcharacter's limbs, sincethe
point representationdoesnot preserve thedistancebetweenjoints.
This problemis causedby theICA decompositionwhich alsodoes

not preserve bone lengths. In addition, editing the independent
componentscan result in exaggeratedmotions that violate bone
length constraints. By replacingone style componentu1 of mo-
tion m1 with stylecomponentu1 of motionm2, we potentiallyalter
theimplicit �x eddistancesbetweenjoints.

WeusedtheEuclideancoordinaterepresentationfor mostof our
experiments.Sincewe areconcernedonly with kinematicanima-
tion andthe visual quality of the �nal animation,we arenot con-
cernedwith slight changesin the lengthsof thebonesof our char-
acter. Although,thechangeof limb lengthimpactsfoot plantsand
alsocreatesoccasionalfoot skatingor violationof �oor constraints,
bonelengthscanbeeasilymadegloballyconsistentamongframes.
In addition,aninversekinematicssolvercanbeusedto satisfyfoot
plantconstraints.Notethatalteringbonelengthshasbeenusedby
Kovar et al [17] on kinematicmotionfor thepurposeof correcting
foot skating. Also, Harrisonet al [11] makesan argumentfor re-
taining lengthchangesandmeasuresto whatextent thesechanges
canbemadewithoutbeingnoticedby theobserver.

4 I NTERACTI VE EDI TI NG

Our editing systemallows the user to sequencetwo motionsto-
getherandidentify theindependentcomponentsthatbestrepresent
thestyledifferencesbetweenthem.Oncethestylecomponentsare
found, the motionsaresplit again andthe individual stylecompo-
nentscanbe subjectto a numberof editing operations.Figure2
summarizesour interactive motioneditingapproach.The remain-
derof thissectionexplainsthestepsdepictedin the�gure andenu-
meratedhere:

1. MotionCombination.Two motionsarecombinedtogether.

2. StyleComponentGeneration. The combinedmotion is de-
composedinto components.

3. StyleComponentSelection.The userselectscomponentsof
interestto them.

4. StyleComponentMerging. The usercombinescomponents
togetherto betterrepresentthedesiredcharacteristicsof mo-
tion.

5. TransferringStyleComponents.Theselectedcomponentsare
transferredin orderto createanewly synthesizedmotion.

6. PostProcessing. Thenewly synthesizedmotionundergoesa
motionclean-upphase.

Notethat theinterfaceto thesystemis entirelyvisual. Theuser
choosesandtransferscomponentsby observinga visual represen-
tationof thosecomponents,andnota frequency-basedone.

Eachof thestepslistedaboveis explainedin greaterdetailbelow.

4.1 Motion Combination

Given two motions,xa andxb, motion xab is producedby joining
the framesof xa andxb. Thus,xab will have f = f1 + f2 frames,
where fi is the numberof framesfor motion xi . It is essentialto
combinethe motionstogetherin order for the ICA algorithm to
�nd synchronizeddifferencesbetweenthetwo motions.

4.2 StyleComponentGeneration

Oncexab is formed, the userselectsthe numberof style compo-
nentsk in which to decomposexab aswell asa representationfor
thedecomposition.Therepresentationcanbepoints,quaternionsor
Eulerangles,seeSection3. Applying theICA algorithmresultsin
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Figure 2: Overview of the ICA-based interactive editing system.

k independentcomponentsu1
ab..u

k
ab for the combinedmotion xab.

It is usually suf�cient to keepenoughcomponentsto cover 95%
of thevariancein thedata.However, experimentingwith arbitrary
numbersof stylecomponentsoftenproducesinterestingresults.We
typically experimentwith 3-5 components.Sincethe decomposi-
tion takesonly a few seconds,it is trivial to adjustthe numberof
components,view the results,thentry a differentnumberof com-
ponentsif needed.

Notethattheglobaltranslationshouldberemovedfrom themo-
tion beforewe apply ICA. This is explainedin moredetail under
PostProcessing,Section4.6.

Eachstylecomponentu1
ab is usedto reconstructpartof theorig-

inal motionasfollows:

xi
ab = Ef xabg+ PA(ui

abe
i); i = 1; :::;k (3)

andtheresultis displayedin a separatewindow, shown in themid-
dleof Figure2.

Combiningthesemotionreconstructsanapproximation,m0
ab of

theoriginal motion,mab, which is shown at thebottomright of the
screencapturedwindow in Figure2.

4.3 StyleComponentSelection

The user visually analyzesthe reconstructedmotions, mi
ab, and

identi�es potentially interestingstylistic components.Goodcan-
didatesfor selectionarestylecomponentsthat capturedifferences
in posture,cadenceaswell asde�ning nuancesthatappearin one
motionbut not theother. In Figure2, theuseridenti�es themiddle
stylecomponenton the top row asa style componentfor usein a
styletransfer.

For example,in oneof our experimentswe apply this approach
to a joint running+walking motionandwe areableto extracta sin-
gle stylecomponentthat capturesthe forward leanandraisingof
theelbows during the runningmotion. Thesamestylecomponent

capturesthe upright stanceanddroppedarmsduring the walking
motion.

The usercan experimentwith different decompositionsof the
samemotionsby eitherchoosingadifferentnumberof stylecompo-
nentsor by rerunningthedecompositionalgorithmwith a different
initial guess.

4.4 ComponentMerging

Our ICA decompositionproducesasetof independentcomponents
which can be linearly combinedto form the original data. It is
thereforestraightforward to linearly mix componentstogetherand
producecombinedcomponents.Merging stylecomponentsallows
the animatorto createa smallersetof stylecomponentsthat may
be morerepresentative or easierto work with. More importantly
merged style componentsmay provide a more suitablebasisfor
aligning motions,which is often a necessarystepfor morecom-
plex operations.

Mathematically, merging two componentsu1 andu2 resultsin a
combinedmotionu12 asfollows:

x12 = Ef xg+ PA(u1e1 + u2e2); (4)

whereei is a vectorin thecanonicalbasisof A thatcorrespondsto
theith-component.

4.5 Transferring Style

Perhapsthe most interestingoperationwe canperformusingour
decompositionapproachis to transferstylebetweenmotions.

Onceastylecomponentus
ab hasbeenselected,it is split into two

segmentsthat representthe style componentsof the original two
motions,ms

a andms
b. We canthenalign (time-warp) eitherxa to

xb or vice versadependingon which motion's timing we wish to
preserve. We align themotionsby applyingdynamictime warping
asdescribedby Sankoff andKruskal [26] on oneof thedegreesof
freedom(DOFs)of thecharacter. Theuserinteractively selectsthe
appropriateDOFbasedonherknowledgeof themotionandthede-
siredeffect. For example,if theresultingmotionneedsto preserve
foot contacts,a goodchoiceis the hip swing degreeof freedom.
Theusercanexperimentwith differentdegreesof freedomandse-
lect theonethatproducesthedesiredresult.

Oncethemotionsarealigned,theusercangeneratenew motions
by replacingus

a with us
b. Following the notationof Caoet al [6],

transferringa stylecomponentfrom onemotion to anothercanbe
mathematicallyexpressedasfollows:

x = Ef xg+ PA(ua + ((us
b � us

a)Tes); (5)

wherees is aunit vectorin thecanonicalbasisof A thatcorresponds
to theselectedstylecomponent.

4.6 PostProcessing

The global translationDOF are removed beforethe ICA decom-
positionsincethedecompositionhasno intrinsic knowledgeof the
correlationbetweenfoot plantsandchangesin position. Our tests
show that ICA decompositionwith theglobal translationDOF re-
sultsin a distractingamountof foot skating.Oncethe�nal motion
hasbeengenerated,the global translationfrom xa, which wasre-
moved beforeapplyingthe decomposition,is re-addedto the mo-
tion. Assumingthat the style componentdoesnot containmuch
lower bodymovement,thenthe processof recombiningthe origi-
nal global translationalongwith time warpinggenerallypreserves
the leg movementsandthusindirectly preservesthe foot plantsin
thenewly synthesizedmotion. Theglobal translationfor thebase



Figure 3: Running (left) and a sneak-like run (right).

motion,andnotthestylemotion,is addedto thesynthesizedmotion
sincethemainmovementcorrespondsto thebasemotion.

If the datarepresentsmarker positionsinsteadof joint angles,
the limb lengthsof thecharactermaylengthenor shortenbetween
frames. To correctthis, the systemautomaticallyemploys a �lter
to restorethecorrectlimb lengthsaccordingto theoriginal databy
preservingjoint angles.In addition,low-pass�ltering is automat-
ically doneto eliminatehigh-frequency motions. High-frequency
motion is typically causedby the time-warpingtechniqueasa re-
sult of matchinga high-speedmotion,suchasrunning,with a low-
speedone, suchas a very slow walk. Stylecomponenttransfers
in theoppositedirection,from a low-speedmotionto a high-speed
motion,resultin stiff movements,suchaslimbs that remainin the
sameplacefor anunnaturallylongamountof time.

5 RESULTS

Our systemis able to decomposemotion capturedataregardless
of thehierarchicalstructureof thecharacter. We usetwo different
skeletonhierarchiesfor our examples;a thirty-onejoint, sixty-two
DOF skeletonand a twenty-six joint, eighty-four DOF skeleton.
All motionsare displayedin real-timeand decomposedwith the
ICA algorithmin lessthan5 seconds.For mostof our experiments
we use� ve independentcomponents.Oncea stylecomponentis
selected,themotionreconstructiontakeslessthantwo seconds.

5.1 Walking and Sneaking

In this example,we transfera stylecomponentbetweena walking
motionanda sneakingmotion. Joiningmotionsanddecomposing
them into � ve style componentsallowed us to successfullyiden-
tify oneof thecomponentsthatmodelsthedifferencebetweenthe
hunchedpostureof the sneakingmotion andthe upright stanceof
thewalkingmotion.Applying thisstylecomponentto bothoriginal
motionsproducestwo new stylizedvariations.Figure1(left) shows
a sneaky walk, while Figure1(right) a walk-like sneak.The latter
motionappearsto bethemotionof acharactertiptoeingin orderto
keepquiet,without thecharacteristichunchedpostureof a sneaky
motion.

5.2 Running and Sneaking

Herewecombinearunningmotionwith theprevioussneakingmo-
tion. We �nd a similar stylecomponentthatcapturesthehunched
postureof thesneak,asin thepreviousexample,andapplyit to the
run. Thesneaky run is shown in Figure3.

Figure 4: Running (left) and running with a walking style - jogging
(right).

Figure 5: Walking (left) and walking with a running style - power-
walking (right).

5.3 Running and Walking

For this examplewe combinea runninganda walking motion. A
stylecomponentis foundthatcapturestheshruggedshoulders,the
raisedelbows andthebendingof thekneesof therunningmotion.
Thesamestylecomponentcapturedtheuprightstanceandrelaxed
armsof thewalking motion. By applyingthewalking style to the
run, our resultingmotion resemblesa jogging motion, Figure 4,
while our run-likewalk resemblesapowerwalk, Figure5.

5.4 Old Man' sWalk and An ApproachingFighter

We combineanold man's walk with a threatening,�ghter-like ap-
proach. The old man's armsshake while he walks, and his legs
move in a bow-leggedmanner. The �ghter moves with a steady
upperbody and a deliberategait. By �nding a style component
thatcapturesthe�ghter' s uprightnessandraisedhands,we synthe-
sizea new motionshowing anold �ghter walking in anaggressive
manner. Thenew motionretainsthecadence,shaky armsandbow
leggedmovement,but incorporatesthe raisedhandsand slightly
raisedhead,Figure6.

5.5 Motion Inter polation

The original and stylized motion retain very similar characteris-
tics, includingglobaltranslationandgeneralmovementspeed.The
alignmentbetweenthesetwo motionseliminatesproblemssuchas
foot-skatingandphasedifferenceswheninterpolatingtwo different
motions.Thus,thestylizedmotioncanbelinearlyinterpolatedwith



Figure 6: The old man (left), the �ghter (middle) and the old man as a �ghter (right).

Figure 7: Interpolating between a sneak and a walk-like sneak.

theoriginalmotionin orderto produceacontinuumof motionsthat
containvarying amountof style. Figure7 shows an interpolation
betweenthesneakandthewalk-likesneak(tiptoeing).

5.6 Discussion

Thehumanbodycanbeconsideredgenerallyasahighly non-linear
controlsystem.It is thereforecounter-intuitive that linearmethods
suchas LDS as proposedby Li et al [19] and ICA prove to be
effective toolsfor motionmodelingandediting.However, it seems
thatasthehumanbodyrepeatsandlearnscommonmotions,such
asgaits,it optimizesandsimpli�es its controlstrategies.Thus,the
observeddynamicsof suchmotionscanoftenbeapproximatedwith
combinationsof linearmodels.

It is helpful to considerICA in relationto PCA. PCA andICA
arebothstatisticaltechniquesthatcanreducethedimensionalityof
data.PCA producescomponentsthatareorthogonal,uncorrelated
andin oftendonothave intuitive interpretationwhendecomposing
full-body motionin our method.In contrast,ICA assumesthat the
componentsarestatisticallyindependent.The�rst stageof ICA is
thewhiteningstagewhichis donewith PCA.ICA rotateseachPCA
componentindependentlyof eachother, andthereforeis oftenable
to capturedimensionsof themotiondatain amoremeaningfulway
thanis PCAalone.Thishasbeenshown in thecaseof facialmotion
by Caoetal [6].

Extractingstyle is a dif�cult problem. It is dif�cult to prove
that any style extractionschemesuchasfrequency bandmanipu-
lation or other decompositiontechniqueswork well in all cases.
Most of thesetechniquesareexperimentallyproven to work in a
rangeof cases.The sameholds for our proposedICA decompo-
sition method. Our methodachieves interestingresultswithin a
certaindatasetof motionsthatrepresentmovementin full-body an-
imation. A similar schemehasprovedsuccessfulfor facialmotion
aswell [6]. ICA hasbeenusedin the vision literaturefor motion
recognitioncases.Our techniqueis simple,fastandprovidesanin-

tuitive decompositioninto motioncomponents,someof which can
beidenti�ed asrepresentingstylisticaspectsof themotion.

Although,our methodproducedsomesurprisingresultswith its
ability to capturethedifferencein styleof arangeof motions,it has
severallimitations.

Our experimentsshow that our methodis more effective with
cyclic motionsthanwith acyclic motions. This is probablydueto
thefactthataligningcyclic motionsis moreintuitive thanaligning
arbitrary motions. However, our decompositionmethodis often
ableto separateone-timeevents,suchasgestures,from thecyclic
aspectsof amotion.

The FastICA [14] algorithmthat we currentlyusedoesnot al-
waysconvergeto thegloballyoptimaldecomposition.However, to
our knowledgeit is oneof the mostef�cient algorithms,which is
crucialfor interactiveediting.

We would alsolike to clarify that, in this work, we assumethat
motion datais alreadysegmentedinto suitablepiecesof singular
motion. Automaticdatasegmentationis out of the scopeof this
paper.

6 CONCL USI ON

We have presenteda novel methodfor interactive motion editing.
Our method,basedon IndependentComponentAnalysis,provides
a meaningfuldecompositionof the original motion into reusable
componentscalledstylecomponents. An importantfeatureof our
decompositionis thattheresultingstylecomponentsarethemselves
motiondata.Therefore,they areafamiliarmodelfor animatorsand
canbesubjectto thegrowing numberof techniquesthatwork with
motiondata.

Basedon the proposeddecompositionwe have de�ned a setof
editingoperationsthatcanchangethestyleof anoriginal motion.
Of specialinterestis theability of our approachto extractstylistic
aspectsfrom onemotionandapplyit to another. At thesametime,
we canedit thestylecomponentsthemselvesto reduceor exagger-
atetheir effecton themotion.Usingour interactiveeditingtool we
areableto performef�ciently aseriesof examplesthatdemonstrate
theeffectivenessof themethod.

In summary, we believe that our work presentsa fast and in-
teractive techniquethat canoften transferstyle betweenmotions.
Animatorscanexperimentto quickly obtainnew motions.

Wehavejustbeginningto explorethepossibilitiesofferedby the
ICA-basedmotiondecomposition.Webelievethatit canbeequally
effective in a rangeof applications,suchasmotion segmentation,
automaticmotionannotationandmotionrecognition.
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