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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
basednmotiondecompositionOurmethodemplays Independent
ComponentAnalysis (ICA) to separatemotion datainto visually
meaningfulcomponentsalled style components. The userthen
interactively identi es suitablestyle componentsand manipulates
thembasedon a proposedsetof operations.In particular the user
cantransferstyle componentérom onemotionto anotherin order
to createnew motionsthatretaindesirableaspectof the styleand
expressvenes®f theoriginal motion. For example aclumsywalk-
ing motioncanbe decomposedoasto separatéhe clumsynature
of the motion from the underlyingwalking pattern. The clumsy
style componentcanthenbe appliedto a running motion, which
will thenyield a clumsy-lookingrunningmotion. Our approaclis
simple,ef cient andintuitive sincethe componentarethemseles
motion data. We demonstratéhat the proposednethodcansene
asaneffective tool for interactve motionanalysisandediting.

CR Categories: 1.3.7 [ComputerGraphics]: Three-Dimensional
Graphicsand Realism—Animation}.6.8 [Simulationand Model-
ing]: Typesof Simulation—Animation.

Keywords: motioncapturemotionediting,animation

1 INTRODUCTION

Motion capturedatais commonlyusedto animateinteractve char

acters. It producesrealistic and high quality synthetic motion.
However, producingvariationsof the motion to satisfy new situ-
ationsandconstraintss notintuitive, andoftenresultsin unnatural
motion.

A greatamountof researctwork aimsto provide the animators
with tools to manipulatemotion. The proposedechniquesange
from simplekey-framingandsignalprocessingo differentformsof
spacetime optimizationandstatisticalmodeling. Suchtechniques
are often computationallyexpensve or not intuitive for animators
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thatare not technicallyoriented. In ary case,mostof thesetech-
nigueseither adjustmotion basedon a setof constraintsor they
abstractrecordedmotion throughstatisticalmodeling. Thereare
few technigueshatallow theanimatorto editdirectly the styleof a
motionin intuitive ways. This is thefocusof our work.

We introducea novel methodfor decomposingnotioninto var-
ious componentsvhich canrepresenthe style andexpressieness
of amotionwithout the needto key-frameanimationor to analyze
frequeny bands.Theresultingcomponentgsan,in turn, beapplied
to other motionsthrougha variety of editing operationsgenerat-
ing new motionsthatretainthe basiccontentof the original motion
while addingthe style of thecomponentnotion. Thus,motionrep-
resentingapersorwalking in asneak mannercanbedecomposed
soasto extractthe sneakinessf the motion. This sneakinesstyle
componentanthenbe appliedto a normalwalk in orderto create
a sneak-looking walk. Corversely our methodallows the recip-
rocalapplicationof styleto theabore example. The characteristics
of awalking motioncanbe extractedasa separatetylecomponent
andin turnaddedo asneal motion,yielding awalk-like sneaking
motion. In addition,the amountof the stylecomponentanbein-
terpolatedsoasto createa continuumof differentmotionsbetween
the original motion andthe new stylizedmotion. Thus,the origi-
nalwalk from the exampleabore couldbe combinedwith asnealy
stylecomponenin orderto createa motionthatis halfway between
sneakingandwalking. Thus,we cancreatetransitionsbetweerthe
original motionandthe new, stylizedmotion.

Motion decompositioris performedautomaticallythroughIn-
dependenComponentAnalysis (ICA). A usertheninteractvely
selectoneor moreof theresultingstylecomponentshatbestrep-
resentthe style of the desiredmotion. The componentsesulting
from the decompositioraredisplayedvisually for the user These
componentganbe combinedogethemwith avariety of visualedit-
ing functionsto betterrepresenthe expressienessandnuanceof
the motion. The chosenstyle componentarethenappliedto the
original motionyielding a new, stylized motion. Unlike previous
methoddor stylizing motions,our methodis completelyisualand
requiresno knowledgeof key framing, frequeng bandsor statis-
tical analysis. Our approachis the basisof a simpleandintuitive
interactvve tool for analyzingandeditingmotiondata.

The remainderof the paperis organizedasfollows. Section2
providesanoverview of relatedwork andbackgroundnformation.
Section3 describesour motion decompositiormethod. Section4
explainshow we interactively edit motions. Section5 presentour
resultsanddiscusseshe limitations of our approach.Lastly, Sec-



tion 6 concludegshe paper

2 RELATED WORK

Motion capturesystemsand recordeddata are readily available.
Applying recordednotionto virtual characterproducesigh qual-
ity motionefciently andeasily However, it not practicalor even
possibleto capturethe entire rangeof motionsthat an interactve
charactemight needto perform.

In orderto remedythis shortcomingmotion synthesisapplica-
tions [2, 19,18, 16, 15] usea nite databasef motion sggments
which canbe synthesizednto longermotions. The focusof these
algorithmsis ef cient searchingf the motion databaséor motion
sggmentghatsatisfythe control parameterssuchasa userde ned
pathor annotationsanda rangeof physical constraints Note, that
Li etal [19] usea Linear Dynamic System(LDS) to abstractthe
motion databasend provide a searchalgorithmthatworksin the
LDS space.

Retapgeting transfersmotionsgeneratedor one characteronto
another Gleicher[8] andShinetal [27] mainly solve the problem
of motionretagetingby applyingmotionsto charactersvith differ-
entbody proportions. While the procesf retageting effectively
changesomeaspect®f the original motion, its goalis to transfer
movementcontentnotmovementstyle.

Vasilescuand Terzopoulog31] usemultilinear analysisto ex-
tract stylistic aspectsof facial motion from threedifferent actors
andreapplythe styleto eachother This methodwasnot performed
on full-body animation.PullenandBregler [23] createstatistically
similarvariationsof anoriginalmotionusingamulti-level sampling
technique. The animatorcankey frame a subsetof the DOF of a
characteand automaticallyprovide key framesfor the remaining
DOFs.

Motion editing, which is the focusof our work, is a challenging
problemthathasreceved a lot of attention. Earlier work exploits
mostly ideasfrom signal processing.Bruderlin and Williams [5]
applysignalprocessingperationgo provide stylistic variationsof
the original motion. Using a small numberof key frames,Witkin
and Popwic [33] warp motion to satisfy nev constraints. Gle-
icher[9] alsoproposesninterestingwarpingtechnique.

Of closestrelationto our methodare thoseworks that seekto
transferthe styleof onemotionto another Thus,our goalsarevery
similar to thoseoutlinedby Unumaet al [29], which usesFourier
technigueso changehestyle of humangaitsthroughextrapolation
andinterpolationof differentmotions. Our methoddiffersin that
it is entirely visual andreliesupona users decisionto determine
which stylistic aspectgo retain.

Urtasunet al [30] usePCA to decomposesetsof motion data,
suchaswalking andrunningat differentspeedsandusePCA co-
ef cients to synthesizanotionswith differentcadencesndstyles.
Stylistic variationscanbe synthesizedby relatinga newv motionto
the coefcients that are storedfrom the decomposednotion sets.
Our work differsin that we do not needto generateexamplesof
motiondata rst; we areableto transferstyleusingonly oneexam-
ple motion. Also, our methodis not ableto synthesizenovement
atdifferentspeeds.

Amayaet al [1] extractemotionby comparingneutralandnon-
neutralmotions. Thedifferencebetweerthe motionsis thenadded
to anothemeutralmotionto give thatthird motionthe style of the
non-neutraimotion. Our methoddiffersin thatwe do not require
onemoationto be neutralwhile the otherrepresentshe non-neutral
emotion. Rather our methodallows you to useary two motions
with varyingamountsof emotionalor stylistic contentandtransfer
visually selectedstylistic aspectbetweerthem.

Roseetal [24] borrow theverb-aderb paradigmfrom speecho
annotatemotionsinto basic,verbs,andmodi cations, adverbs. In-
terpolationbetweermotionsyields a convex setof variations.Our

methoddiffersin thatwe do not interpolatebetweertwo motions,
but extractspeci c stylisticmarlersrelatedto onemotionandapply
it to another

Brand and Hertzmann[4] and Tancoand Hilton [28] both use
HiddenMarkov Modelsto capturethe style of recordedmotions.
Thesestylescanthenbereappliedto novel motions.However, be-
causethe motion primitives arerelatedto the hiddenstatesof the
modelsthey cannotbe editedexplicitly.

Mostrecently Hsuetal [12] performedstyletranslatiorbetween
motionsby learningatranslatiorbetweerinputandoutputmodels.
Theirmethodusedterative Motion Warpingto computecorrespon-
dencedetweermmotions.Unlike theirmethodwhich keepsdegrees
of freedom(DOF) separatén orderto extract stylistic aspectof
motion,thelCA decompositiomescribedn this papemgroupsDOF
togetheiin orderto nd correlationdbetweerthem.

Physically-basednethodshave also beenusedin orderto ap-
ply style from one motion to another The methodfrom Liu et
al [20] constructsa physical modeland usesoptimizationto syn-
thesizea new motion using physical parametergrom a different
motion. Thesephysical parametergncodethe stylistic variations.
Although physically-basednethodsare ableto handleconstraints
thatareotherwiseinaccessibleéo kinematicmotions,an extremely
detailedphysicalmodelwould be neededo extractsubtlenuanced
gestureghatarepartof anin-depthstylistic transfer For example,
our methodcanextractthe shakinghandsof an old man(seeSec-
tion 5.4). This shakingwould be dif cult to achiese with only a
coarsephysicalmodel.

Of particularrelationto our work within the domainof statis-
tical modelingare the techniqueghat provide editing parameters
throughmotion decomposition Chuanget al [7] proposea factor
ization methodthat separatesisual speechinto style and content
componentsWangetal [32] separatéacialexpressiongrom facial
contentusingdimensionalityreduction.Caoet al [6] uselndepen-
dentComponentAnalysisto capturethe emotionalcontentof vi-
sualspeecHor editingpurposesTheauthorsxtractfacialemotion
componentdy automaticallyexaminingtheregionsof thefacethat
they affect. In contrastwe allow theuserto interactively chooseas-
pectsof the motionthatrepresenstyle or emotionfrom ary partof
thebody Theideaof usingICA for editing and synthesizinghu-
manwalking hasbeenproposedy Mori andHoshino[22]. Saisan
andBissaccd25] shaw thatICA canbeusedto modelsubtletieof
cyclic motiondatafor humanbodies. Also, Bissaccoet al [3] use
amodi ed versionof ICA to generatalynamicmodelsof human
walking.

2.1 IndependentComponentAnalysis

Independen€omponenfnalysisis anunsupervisetearningtech-
nique[14] thatseparatea setof obsened randomvariablesinto a
linear mixture of hiddenrandomvariablesthat are statisticallyin-
dependentWe call thesenew randomvariablesindependentom-
ponents Caoet al [6] provides a good descriptionof ICA and
a comparisonwith the more well-knovn decompositiormethod,
PrincipalComponenAnalysis(PCA). In thiswork, we follow their
notation.

The mathematicof ICA arestraightforvard. Givena setof n

n
o

Xj= a ajili;
i=1

or in matrix notation
x= Au: 1)

A numberof ICA algorithmsexist to estimatehe mixing matrix A.
EstimatingA is sufcient, becauséf the matrixis known, inverting



Equationl yieldstheindependentomponentsi = Wx. We usethe
publicly availableMatlab[21] implementatiorof the FastiICA[13]
algorithm.

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

x= Efxg+ PAy; 2

whereEf xg is the expectationof x andP isthen mPCA matrix.
The numberof principal componentsletermineghe numberof

independentomponents.We candecideto keepm< n indepen-

dentcomponentseffectively reducingthe dimensionof our data.

3 MoTION DECOMPOSITION

We canspecifymotion capturedatain termsof Euclideancoordi-
natesor usingjoint angles.TheEuclidearcoordinateepresentation
speci es the location of the markersin Euclideanspacefor each
capturedrame.Hierarchicalanglerepresentatiomodelsthechar
acterasa setof hierarchicaljoints. Datais typically represented
by a setof Euleranglesandoffsetsfrom the parentjoints. There-
sultsof theICA decompositiorvary accordingto the formatof the
motioncapturedata.

3.1 ICA PerformanceWith Differ ent Representations

The ICA algorithm works on a matrix whoserows representhe
individual framesof a motion, and whosecolumnsrepresenthe
differentchannelsor degreesof freedomof the motion. Thus,the
ICA decompositiorcan be performedon eitherthe 1) Euclidean
coordinatepoint representatiof the motion, the 2) Euler angles
representingherotationof thejoints, 3) quaternionshatrepresent
therotationof thejoints, or 4) anexponentialmaprepresentinghe
rotationof thejoints. Similarly, a transformatiormatrix could be
derived from the Euler anglesand, in turn, submittedto the ICA
decomposer

However, sincethe ICA algorithmresultsin a linear decompo-
sition of theinput data,it will producevisually unintuitive results
whenthe input consistsof a seriesof Euler angles. This is likely
relatedto the problemof Gimballock, wherea linearcombination
of Euleranglesdoesnot alwaysresultin a smoothinterpolationof
thedesiredangle. Thus,the synthesizedomponentnotion shavs
sporadicwists andturnsthatgreatlydisruptthe appearancef the
motion. This makesEuleranglesapoorchoicefor theICA decom-
position.Quaternionganbeusedoy submittingthefour valuesof a
quaterniorto theICA decomposerThe motionsdecomposefrom
quaterniongdo not suffer from the extremerotationsthat we see
with the Euler angles. However, the quaterniorrepresentatiome-
sultsin subtlerotationsthatdiffer slightly from theoriginal motion,
sincethe procesof linear combinationdoesnot properlyseparate
the quaternionin a meaningfulway, either Theresultsof quater
nion decompositiorare morevisually intuitive thanthoseof Euler
angledecompositionGrassig10] shavsthatexponentiaimapsare
agoodrepresentationfor rotations but arenot well suitedfor pa-
rameterizationacrosontinuoudramesandthusarenotused.

The Euclideancoordinaterepresentationsinceit doesnot in-
volve rotations,doesnot suffer from the sameproblemasthe ro-
tational representationindicatedabove. Since the input to the
ICA decomposeconsistsof pointsin Euclideanspace,the ICA
decompositiorand motion synthesigyivesvisually meaningfulre-
sults. Euclideanspacecanbelinearly interpolatedwithout strange
sideeffects. Thesynthesizedanotiondoeshawever, resultin slight
changesn the lengthof our animatedcharactes limbs, sincethe
point representatiodoesnot presere the distancebetweerjoints.
This problemis causedy the ICA decompositiorwhich alsodoes

not presere bonelengths. In addition, editing the independent
componentscan result in exaggeratednotions that violate bone

length constraints. By replacingone style component; of mo-

tion my with stylecomponenti; of motionmy, we potentiallyalter

theimplicit x eddistancedetweerjoints.

We usedthe Euclideancoordinateepresentatiofor mostof our
experiments.Sincewe areconcernednly with kinematicanima-
tion andthe visual quality of the nal animation,we arenot con-
cernedwith slight changesn the lengthsof the bonesof our char
acter Although,the changeof limb lengthimpactsfoot plantsand
alsocreateccasionafoot skatingor violation of oor constraints,
bonelengthscanbe easilymadeglobally consistenamongframes.
In addition,aninversekinematicssolver canbe usedto satisfyfoot
plantconstraints Note thatalteringbonelengthshasbeenusedby
Kovar et al [17] on kinematicmotion for the purposeof correcting
foot skating. Also, Harrisonet al [11] makesan argumentfor re-
taining lengthchangesandmeasures$o what extentthesechanges
canbemadewithout beingnoticedby the obsenrer.

4 |INTERACTIVE EDITING

Our editing systemallows the userto sequencéwo motionsto-
getherandidentify theindependentomponentshatbestrepresent
the style differencesetweerthem. Oncethe stylecomponentsire
found, the motionsare split again andthe individual stylecompo-
nentscan be subjectto a numberof editing operations.Figure 2
summarize®ur interactve motion editing approach.The remain-
derof this sectionexplainsthe stepsdepictedn the gure andenu-
meratechere:

1. Motion Combination.Two motionsarecombinedogether

2. StyleComponeniGeneation. The combinedmotion is de-
composednto components.

3. StyleComponenSelection. The userselectscomponent®f
interestto them.

4. StyleComponenMerging. The usercombinescomponents
togetherto betterrepresenthe desiredcharacteristicef mo-
tion.

5. TransferringStyleComponentsTheselecteccomponentsire
transferredn orderto createanewly synthesizeanotion.

6. PostProcessing The newly synthesizednotionundegoesa
motionclean-upphase.

Notethattheinterfaceto the systemis entirelyvisual. Theuser
choosesandtransferscomponentdy observinga visual represen-
tation of thosecomponentsandnotafrequeng-basedne.

Eachof thestepdistedaboveis explainedin greatedetailbelow.

4.1 Motion Combination

Giventwo motions, Xz andxy, motion Xgp is producedby joining
the framesof x3 andx,. Thus,xgp will have f = f; + f, frames,
where f; is the numberof framesfor motionx;. It is essentiato
combinethe motionstogetherin order for the ICA algorithmto
nd synchronizedlifferencedbetweerthetwo motions.

4.2 Style ComponentGeneration

Oncexgyp, is formed, the userselectsthe numberof style compo-
nentsk in which to decomposeg, aswell asa representatioffior
thedecompositionTherepresentationanbepoints,quaternionsr
EuleranglesseeSection3. Applying the ICA algorithmresultsin
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Figure 2: Overview of the ICA-based interactive editing system.

k independentomponentsuéb..ugb for the combinedmotion xap.

It is usually sufcient to keepenoughcomponentgo cover 95%

of thevariancein the data. However, experimentingwith arbitrary
numbersf stylecomponentsftenproducesnterestingesults.We

typically experimentwith 3-5 components.Sincethe decomposi-
tion takesonly a few secondsit is trivial to adjustthe numberof

componentsyiew theresults,thentry a differentnumberof com-

ponentsf needed.

Notethatthe globaltranslationshouldberemovedfrom the mo-
tion beforewe apply ICA. This is explainedin more detail under
PostProcessingSectior4.6.

Eachstylecomponenuglb is usedto reconstrucpartof the orig-
inal motionasfollows:

Xop = Efxang+ PA(U€);i = 11k 3)

andtheresultis displayedn a separatevindow, shavn in the mid-
dle of Figure2.

Combiningthesemotionreconstruct@n approximation mgb of
the ariginal motion, myp, whichis shavn atthe bottomright of the
screercapturedvindow in Figure2.

4.3 Style ComponentSelection

The uservisually analyzesthe reconstructednotions, m'ab, and
identi es potentially interestingstylistic components.Good can-
didatesfor selectionare stylecomponentshat capturedifferences
in posture cadenceaswell asde ning nuancegshatappeatin one
motionbut notthe other In Figure2, the useridenti es themiddle
stylecomponenbn the top row asa style componenfor usein a
styletransfer

For example,in oneof our experimentswe apply this approach
to ajoint running+walking motionandwe areableto extracta sin-
gle style componenthat captureshe forward lean and raising of
the elbavs during the runningmotion. The samestylecomponent

capturesthe upright stanceand droppedarmsduring the walking
motion.

The usercan experimentwith differentdecomposition®f the
samemotionsby eitherchoosinga differentnumberof stylecompo-
nentsor by rerunningthe decompositioralgorithmwith a different
initial guess.

4.4 ComponentMerging

OurICA decompositioproducesa setof independentomponents
which can be linearly combinedto form the original data. It is
thereforestraightforvardto linearly mix componentsogetherand
producecombinedcomponentsMerging stylecomponentsllows
the animatorto createa smallersetof stylecomponentshat may
be morerepresentatie or easierto work with. More importantly
meiged style componentsnay provide a more suitablebasisfor
aligning motions, which is often a necessargtepfor more com-
plex operations.

Mathematicallymeiging two componentsi® andu? resultsin a
combinedmotionu?? asfollows:

x12 = Efxg+ PA(ule! + u?€?); (4)

whereé is avectorin the canonicabasisof A thatcorrespondso
theith-component.

4.5 Transferring Style

Perhapghe mostinterestingoperationwe can performusingour
decompositiorapproachs to transferstyle betweermotions.
Oncea stylecomponenu(:j'1b hasbeenselectedit is splitinto two
segmentsthat representhe style component®f the original two
motions,m3 and mg We canthenalign (time-warp) eitherx to
Xp Or vice versadependingon which motion's timing we wish to
presere. We align the motionsby applyingdynamictime warping
asdescribediy Sanloff andKruskal[26] on oneof the degreesof
freedom(DOFs)of the characterThe userinteractvely selectghe
appropriatdDOF basedn herknowledgeof themotionandthede-
siredeffect. For example,if theresultingmotionneedgso presere
foot contacts,a good choiceis the hip swing degree of freedom.
Theusercanexperimentwith differentdegreesof freedomandse-
lecttheonethatproducegshedesiredresult.
Oncethemotionsarealigned theusercangenerateen motions
by replacingu3 with up. Following the notationof Caoetal [6],
transferringa style componenfrom onemotionto anothercanbe
mathematicallyexpresseasfollows:

x= Efxg+ PA(Ua+ (U5 WS)Ted); (%)

wheree® is aunit vectorin thecanonicabasisof A thatcorresponds
to the selectedstylecomponent.

4.6 PostProcessing

The global translationDOF are removed beforethe ICA decom-
positionsincethe decompositiorhasno intrinsic knowledgeof the
correlationbetweerfoot plantsandchangesn position. Our tests
shav that ICA decompositiorwith the globaltranslationDOF re-
sultsin a distractingamountof foot skating.Oncethe nal motion
hasbeengeneratedthe global translationfrom x5, which wasre-
moved beforeapplyingthe decompositionis re-addedo the mo-

tion. Assumingthat the style componentdoesnot containmuch
lower body movement,thenthe processf recombiningthe origi-

nal globaltranslationalongwith time warpinggenerallypreseres
theleg movementsandthusindirectly preseresthe foot plantsin

the newly synthesizednotion. The globaltranslationfor the base



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

motion,andnotthestylemotion,is addedo thesynthesizednotion
sincethemainmovementcorrespondso the basemotion.

If the datarepresentsnarker positionsinsteadof joint angles,
thelimb lengthsof the charactemaylengthenor shortenbetween
frames. To correctthis, the systemautomaticallyemploys a Iter
to restorethe correctlimb lengthsaccordingto the original databy
preservingoint angles.In addition,low-pass Itering is automat-
ically doneto eliminate high-frequeng motions. High-frequeng
motionis typically causedby the time-warpingtechniqueasa re-
sultof matchinga high-speednotion, suchasrunning,with alow-
speedone, suchas a very slov walk. Stylecomponentransfers
in the oppositedirection,from a low-speednotionto a high-speed
motion, resultin stiff movementssuchaslimbs thatremainin the
sameplacefor anunnaturallylong amountof time.

5 RESULTS

Our systemis ableto decomposanotion capturedataregardless
of the hierarchicalstructureof the character We usetwo different
skeletonhierarchiedor our examples;a thirty-onejoint, sixty-two

DOF skeletonand a twenty-six joint, eighty-four DOF skeleton.
All motionsare displayedin real-timeand decomposeadvith the

ICA algorithmin lessthan5 secondsFor mostof our experiments
we use Ve independentomponents.Oncea style componenis

selectedthe motionreconstructioriakeslessthantwo seconds.

5.1 Walking and Sneaking

In this example,we transfera stylecomponenbetweena walking
motionanda sneakingmotion. Joiningmotionsanddecomposing
theminto ve style componentsllowed us to successfullyiden-
tify oneof the componentshatmodelsthe differencebetweerthe
hunchedpostureof the sneakingmotion andthe upright stanceof
thewalking motion. Applying this stylecomponento bothoriginal
motionsproduceswo new stylizedvariations.Figurel(left) shavs
a sneal walk, while Figure 1(right) a walk-like sneak.The latter
motionappearso bethemotionof a charactetiptoeingin orderto
keepquiet, without the characteristihiunchedpostureof a snealy
motion.

5.2 Running and Sneaking

Herewe combinearunningmotionwith the previoussneakingmo-
tion. We nd a similar stylecomponenthat captureghe hunched
postureof thesneakasin the previousexample,andapplyit to the
run. Thesneal runis shovn 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
stylecomponents foundthat captureghe shruggedshouldersthe
raisedelbows andthe bendingof the kneesof the runningmotion.
The samestylecomponentapturedhe upright stanceandrelaxed
armsof the walking motion. By applyingthe walking style to the
run, our resultingmotion resemblesa jogging motion, Figure 4,
while our run-like walk resembles powerwalk, Figure5.

5.4 0Old Man'sWalk and An ApproachingFighter

We combineanold man's walk with athreatening,ghter-like ap-
proach. The old man's armsshale while he walks, and his legs
move in a bow-leggedmanner The ghter moveswith a steady
upperbody and a deliberategait. By nding a style component
thatcaptureghe ghter's uprightnessandraisedhandswe synthe-
sizeanew motionshaving anold ghter walking in anaggressie
manner The new motionretainsthe cadenceshalky armsandbow
legged movement, but incorporateghe raisedhandsand slightly
raisedhead Figure6.

5.5 Motion Inter polation

The original and stylized motion retain very similar characteris-
tics, includingglobaltranslatiorandgeneraimovementspeed The
alignmentbetweerthesetwo motionseliminatesproblemssuchas
foot-skatingandphaselifferencesvheninterpolatingtwo different
motions.Thus,thestylizedmotioncanbelinearlyinterpolatedvith



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

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

theoriginal motionin orderto producea continuumof motionsthat
containvarying amountof style. Figure7 shavs an interpolation
betweerthe sneakandthewalk-like sneak(tiptoeing).

5.6 Discussion

Thehumanbodycanbeconsideredjenerallyasahighly non-linear
controlsystem.It is thereforecounterintuitive thatlinearmethods
suchas LDS as proposedby Li et al [19] and ICA prove to be
effective toolsfor motionmodelingandediting. However, it seems
thatasthe humanbody repeatsandlearnscommonmotions,such
asgaits, it optimizesandsimpli es its controlstrat@ies. Thus,the
obsereddynamicsof suchmotionscanoftenbeapproximatedvith
combination®f linearmodels.

It is helpful to consideriCA in relationto PCA. PCA andICA
arebothstatisticaltechniqueshatcanreducethe dimensionalityof
data. PCA producessomponentshatareorthogonaluncorrelated
andin oftendo not have intuitive interpretationrvhendecomposing
full-body motionin our method.In contrast|CA assumeshatthe
componentarestatisticallyindependentThe rst stageof ICA is
thewhiteningstagewhichis donewith PCA.ICA rotateseachPCA
componentndependentlyf eachother andtherefores oftenable
to capturedimension®f themotiondatain amoremeaningfulvay
thanis PCAalone.Thishasheenshavn in thecaseof facialmotion
by Caoetal [6].

Extractingstyle is a dif cult problem. It is dif cult to prove
thatary style extraction schemesuchasfrequeny bandmanipu-
lation or other decompositiortechniqueswork well in all cases.
Most of thesetechniquesare experimentallyprovento work in a
rangeof cases.The sameholdsfor our proposedCA decompo-
sition method. Our methodachie/es interestingresultswithin a
certaindatasetof motionsthatrepresentnovementn full-body an-
imation. A similar schemehasproved successfufor facialmotion
aswell [6]. ICA hasbeenusedin the vision literaturefor motion
recognitioncasesOurtechniqués simple,fastandprovidesanin-

tuitive decompositiorinto motion componentssomeof which can
beidenti ed asrepresentingtylistic aspect®f the motion.

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

Our experimentsshowv that our methodis more effective with
cyclic motionsthanwith agyclic motions. This is probablydueto
thefactthataligning cyclic motionsis moreintuitive thanaligning
arbitrary motions. However, our decompositiormethodis often
ableto separat®ne-timeevents,suchasgesturesfrom the cyclic
aspect®f amotion.

The FastICA [14] algorithmthat we currently usedoesnot al-
waysconvergeto theglobally optimaldecompositionHowever, to
our knowledgeit is one of the mostef cient algorithms,which is
crucialfor interactive editing.

We would alsolik e to clarify that,in this work, we assumehat
motion datais alreadysegmentedinto suitablepiecesof singular
motion. Automatic datasegmentationis out of the scopeof this

paper

6 CONCLUSION

We have presented novel methodfor interactve motion editing.
Our method basedon Independen€omponenfnalysis,provides
a meaningfuldecompositiorof the original motion into reusable
componentgalledstylecomponentsAn importantfeatureof our
decompositioris thattheresultingstylecomponentarethemseles
motiondata.Thereforethey areafamiliarmodelfor animatorsand
canbesubjectto the gronving numberof techniqueghatwork with
motiondata.

Basedon the proposeddecompositiorwe have de ned a setof
editing operationghat canchangethe style of an original motion.
Of specialinterestis the ability of our approacho extractstylistic
aspectsrom onemotionandapplyit to another At the sametime,
we canedit the stylecomponentshemselesto reduceor exagger
atetheir effect on the motion. Using our interactie editingtool we
areableto performef ciently aseriesof exampleshatdemonstrate
the effectivenesf themethod.

In summary we believe that our work presentsa fastandin-
teractie techniquethat can often transferstyle betweenmotions.
Animatorscanexperimentto quickly obtainnew motions.

We have justbeginningto explorethepossibilitiesofferedby the
ICA-basedmotiondecompositionWe believe thatit canbeequally
effective in a rangeof applications suchas motion segmentation,
automatiamotionannotatiorandmotionrecognition.
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