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Abstract
Timewarpingallowsusersto modifytimingwithoutaffectingposes.It hasmanyapplicationsin animationsystems
for motionediting, such as re�ning motionsto meetnew timing constraintsor modifyingtheactingof animated
characters.However, timewarpingtypically requiresmanymanualadjustmentsto achievethedesiredresults.We
presenta techniquewhich simpli�es this processby allowing time warpsto be guidedby a providedreference
motion.Givenfew timingconstraints,it computesa warp thatbothsatis�estheseconstraintsandmaximizeslocal
timingsimilaritiesto thereference. Thealgorithmis fastenoughto incorporateintostandardanimationwork�ows.
Weapplythetechniqueto twocommontasks:preservingthenatural timingof motionsundernew timeconstraints
andmodifyingthetimingof motionsfor stylisticeffects.

Categories and SubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Three-Dimensional
GraphicsandRealism

1. Intr oduction

A motion that at �rst appearsperfect, whether it is
keyframed,captured,or synthesized,will often requirefur-
theradjustmentwhenit is combinedwith otherelementsin a
scene.Modernanimationsystemsprovideanumberof tools
that transformmotionsto meetnew requirements.Thetime
warp is one suchtool that allows usersto adjust the tim-
ing of animatedcharacterswithout affectingtheir poses.Its
importancefollows from the fact that posesoften must re-
main �x ed in later stagesof the animationpipeline,since
they provide theinterfacethroughwhich artistscollaborate.
Any signi�cant spatialchangesto a characteroftennecessi-
tateequallysigni�cant changesto theenvironment,lighting,
or cameraplacement.Timing is oneof the few aspectsthat
canbechangedwithoutsigni�cantly disruptingwork�o w.

Typical time warps, however, require signi�cant man-
ual intervention.After describinghigh-level synchronization
or durationrequirementsusingkeytimes,currentanimation
tools alsorequireusersto adjusta curve to achieve the de-
siredeffect. Thesemanualstepsarefurthercomplicatedby
the fact that changesto timing, unlike changesto poses,
inherentlycannotprovide instantvisual feedback.Manual
time warpingtypically requiresalternatingbetweentuning
thetime-warpcurve andreviewing theresults.This process
is laboriousevenfor themosttalentedanimator.

Our guidedtime warpingalgorithmaimsto simplify this
task.As with traditionaltechniques,usersbegin by specify-
ing roughtiming constraintsusingkeytimes.Insteadof te-
diousmanualre�nement,userscanselecta referencemo-
tion that exhibits the desiredtiming properties.The algo-
rithm thencomputesatime-warpcurvethatsatis�esthecon-
straintsandmimicsthetiming propertiesof thereference.

Internally, our techniquesolves a discreteoptimization
thatbalancesthegoalsof preservingtheoriginalmotionand
mimicking the timing of the provided reference.The con-
straintsof the optimizationemphasizecontentpreservation
to ensurethattheresultsdo not circumventtheintentof the
user. The objective function usesa local measureof tim-
ing similarity thatguidesthesolutiontowardsthereference
without requiringregisteredmotions.

We demonstratethe applicability of guided time warp-
ing to several commontiming tasks.It is often necessary,
for instance,to adjust the duration of a motion to meet
time constraints,synchronizeit with othersceneelements,
or matchexternalsignals.Existing animationsystemsonly
offer spline-basedtime warpswhich generallyrequiresig-
ni�cant tuning to achieve naturalresults.Here,guidedtime
warpingcanusethemotionasits own referenceto preserve
its naturaltiming propertieswithout needingadditionalad-
justments.This is illustratedin Figure1.
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Figure 1: Timewarpsare oftenappliedto modifythedura-
tionsof motions.TOP: In theprovidedinputmotion,a char-
acter turns, pauses,and jumps.M IDDLE: To shortenthis
motion,spline-basedwarping techniquesperform a linear
warp that speedsup all parts of the motion equally. This
yieldsan implausiblyquick jump.BOTTOM : Our technique
guidesthe warp towards a more natural resultwithout re-
quiring additionalconstraints.

Carefuladjustmentsof timing canalsobe usedto affect
critical qualitiesof animation.Animatorsroutinelyusetime
warpsto changefactorssuchasanticipation,weight,emo-
tion,andstyle.Suchtasksrequireagreatdealof skill andpa-
tience.Guidedtime warpingcanbeusedto propagatecare-
fully tunedtiming modi�cations to otherportionsof anani-
mation.For instance,ananimatorcaneditasinglegait cycle
anduseourtechniqueto replicateits timing modi�cationsto
anentiresetof walkingmotions.

Wepresentourtechniqueasanew motioneditingtool that
addressesoneof the most importantaspectsof animation:
timing. The applicationof time warpscanachieve surpris-
ingly �e xible editswithout disruptingcarefully tunedspa-
tial relationships.Guidedtime warpingcanhelp animators
achieve theseresultsmore easily and has the potential to
augmentexistingmotionsynthesistechniques.

2. RelatedWork

The usefulnessof the time warp operationis underscored
by its almostuniversalappearancein professionalanima-
tion tools such as AutodeskMaya, 3D Studio Max, and
Avid SOFTIMAGEjXSI. In addition, time warpingcanbe
foundin many videoeditingandcompositingtoolsincluding
AdobeAfter EffectsandApple Final Cut Pro.Within these
tools, time warpsare usedroutinely to createremarkable
results.However, the methodsavailable in theseproducts
arebasicvariantsof thespline-basedtechniqueproposedby
Witkin andPopović [WP95] and thus requirea signi�cant
amountof skill andpatience.

In the researchcommunity, the importanceof timing in
animation has long been appreciated.Lasseter's seminal
work describeshow eventheslightesttiming differencescan
greatlyaffect theperceptionof actionandintention[Las87].
Morerecently, anumberof interactive techniqueshavebeen
proposedto addressthetiming problem.Performance-driven
animationtechniquesallow theuserto actoutanimationsus-
ing variousinterfaces(e.g.,[DYP03, TBvdP04]). Terraand
Metoyer presenta techniquethat is targetedspeci�cally to-
wardstimewarping[TM04].

Acting out a motion is a more intuitive way to achieve
propertiming,but it still requirestimeandskill. McCannand
colleagues[MPS06] describea techniqueto computephys-
ically accuratetime warps.Our techniqueaimsfor greater
generalityby relying on data.By doing so, it can capture
qualitiesof animationthatmaybedif�cult or impossibleto
describeusingnotionsof physical consistency or optimal-
ity. Furthermore,many animationsdraw their appealfrom
their stylized interpretationsof realism,which can not be
describedusingphysicaltechniques.

Motion datahasbeenusedsuccessfullyfor many prob-
lems in computeranimation.Nonparametricmethodsas-
sembleshort segmentsof motion data to generateresults
that matchuserspeci�cations,suchasdesiredpathson the
groundor scriptsof actionsto perform [KGP02, LCR� 02,
AF02, AFO03]. Of particular relevance to our work are
methodsthatdetectrepeatableactions[GVdG00] or record
timing variationsfor a particularaction[SSSE00]. Thetim-
ing problemis only partially addressedby thesetechniques
becausethey leave theoriginal timing intactat all but a pre-
determinedsetof jumppoints.

Parametricmethodsemploy different models of time.
Blendingandmorphingmethods(e.g.,[BW95,RCB98]) ex-
trapolatetiming using linear combinationsof time warps.
Their �e xibility is limited by the availability of multiple
registeredexamplesof particularactions.Statisticalparam-
eterizationsadd �e xibility , but generallyinvolve complex
model estimationproceduresfor carefully constructedex-
amples[HPP05] or large datasets[BH00, LWS02]. By fo-
cusingexclusively on timing, guidedtime warping avoids
theneedfor explicit registrationandcomputationallyexpen-
sive learningprocedures.

Wedrew motivationfor ourwork fromthespeechdomain,
which hasemployedtime warpsto compressspeechsignals
for thepurposeof rapidreview (e.g.,[CWS98]). Suchtech-
niquesperform nonlineartime warpsto preserve compre-
hensibility, showing that far higher playbackratescan be
achieved thanwith linearwarps.Unfortunately, they would
bedif�cult to applydirectly to our taskbecauseof their re-
liance on speci�c knowledgeaboutspeechunderstanding.
The currentunderstandingof motion in computergraphics
doesnotprovide thesameguidelines.
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Figure 2: TOP: A user providesan input motion,a set of
keytimes,anda referencemotion.M IDDLE: A spline-based
techniquecomputesa smoothwarp that satis�es the con-
straintsbut ignoresthereferencemotion.BOTTOM : Guided
timewarpingsatis�estheconstraintsandapproximatesthe
timing propertiesof the referencemotion. A spline-based
technique would require signi�cant manual re�nement to
achievethesameresults.

3. Method

Theguidedtimewarpingproblemcanbestatedasfollows.A
userprovidesaninputmotion, keytimes, andareferencemo-
tion. Our techniqueaimsto computea time warpthat inter-
polatesthekeytimes,yielding anoutputmotionthatis simi-
lar to boththeinputandthereference,asshown in Figure2.
Thesetwo con�icting goalsarereconciledby usingdifferent
de�nitions of similarity.

For similarity to theinput motion,we enforceconstraints
on the time warp to ensurethat it preserves the contentof
theinputmotionindependentlyof temporaltransformations.
This is vital to ensurethat our techniquedoesnot under-
mine the intent of the animator. Our constraintformulation
is inspiredby dynamictime warping.We realizethesecon-
straintsin adiscreteformulation(§3.1).

For similarity to thereference,wede�ne anobjective that
evaluatesthe local similarity of a candidateoutputmotion
to thereference.Theinput andreferencemotionswill often
containdifferentsequencesof actions,precludingtheuseof
standardcorrespondencetechniques.Instead,we pursuelo-
cal timing similarities,in contrastto theglobalcontentsim-
ilarities achievedby dynamictime warping.A key intuition
in our work is theapplicationof a local scorefunction that
capturesthetimingpropertiesof thereferencemotion(§3.2).

The objective function, subject to the previously men-
tionedconstraints,is minimizedby mappingtheproblemto
a constrainedpathsearch.This yields an ef�cient dynamic
programmingsolution(§3.3). Simplepostprocessingopera-
tionsarethenappliedto achieve thedesiredresults(§3.4).

3.1. Constraints

Timewarpscanonly reproduceposesfrom theinputmotion,
but their generalapplicationcanstill yield resultsthat look
vastly different.An animatormay desiresucheffects,but
producingthemautomaticallywithout explicit instructions
to do socanleadto unexpectedandundesirableresults.For
instance,a generaltime warp could be usedto lengthena
walk motionby repeatinggait cycles.In earlierprototyping,
this maybeacceptable.But whenenvironmentsareconsid-
ered,sucha changecouldmeanthedifferencebetweenap-
proachingan obstacleandwalking straightthroughit. Our
techniquerealizestheseconcernsby enforcingconstraints
thatensurethatthecontentof theinput is preserved.

Weborrow ourconstraintformulationfrom dynamictime
warping[RJ93]. This algorithmis commonlyusedin com-
puteranimationto �nd globalcorrespondencesbetweenmo-
tions (e.g.,[RCB98]), but it canalsobe viewed asa time-
invariantsimilarity measure.The latter perspective offers a
convenientandproven way to de�ne preservation of input
content:theresultof theany time warpmustbeidenticalto
the input motion underthe allowed transformations.Since
time warpsdo not changeposes,this canbe performedby
simply enforcingthe constraintsof dynamictime warping
within ouroptimization.

In thecontext of our problem,theconstraintsof dynamic
time warpingcanbe statedasfollows. It requirescomplete
time warps,in that they subjectively containtheentiretyof
the input motion. In other words, large blocks of motion
should not be deleted,althoughit is acceptableto speed
throughthemquickly. It alsorequiresmonotonictimewarps,
in thatthey donot loopor reversetime.

We enforcetheseconstraintsin a discretetime compres-
sion, which we de�ne as follows. Given a sequenceof in-
put framesf x1; : : : ;xng, any time warp canbe speci�ed by
a subsequenceof its frameindices.The identity time warp
is de�nedby thecompletesubsequencef 1; : : : ;ng. Any sub-
sequenceof the identity time warpyieldsa monotonictime
warp,asits indicesmustbe strictly increasing.Any mono-
tonic time warp is alsocompleteif it includes1 andn, and
satis�esthepropertythatno two adjacentelementsdiffer by
more than someinteger s. The latter constraintforcesthe
speedof theoutputto not exceeds timestheoriginal speed;
this preventsthe time warp from skipping large blocks of
frames.Theseconceptsareillustratedin Figure3.

Time compressionsare only oneof many possibletime
warps.However, wecanreduceotherdesiredwarpsto com-
pressionby suitable transformations.Time modi�cations
and expansionsare reformulatedas compressionsby up-
samplingthe input. Backward time warpscanbeconverted
to forward time warpsby reversingthe input. Finally, time
warpswith multiple keytimescanbesplit into subproblems
of oneof the aforementionedcases.As such,we will limit
oursubsequentdiscussionto thecaseof compression.
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Figure3: An inputmotionis compressedbyselectinga sub-
sequenceof its frames.Our constraintsrequire that the�r st
and last framesare retainedand that no gap betweense-
lectedframesexceedsa certainamount.Theresultingoutput
is scoredby computinglocal velocityandacceleration esti-
matesandcomparingthemto equivalentlycomputedvalues
in theprovidedreference.

3.2. Objective

Weaimto computethequalityof acandidatetimewarpwith
respectto a provided referencemotion. As mentionedbe-
fore,�nding aglobalcorrespondencebetweentheinputmo-
tion andthe referencemotion is generallyneitherpossible
nordesirable.

Our techniqueusesa measureof local similarity to the
referencemotion. It stemsfrom the following intuition: a
poseis anindicationof activity, andthatactivity is likely to
beexecutedwith acertaintiming.Forexample,asittingpose
changesmoreslowly thana jumpingpose.Theinputmotion
mayalreadyexhibit suchcanonicaltimings,but time warps
inducechangesto thevelocityandaccelerationof eachpose.
Certainposes,suchas onesfrom walking, exhibit natural
variationsin velocity andacceleration.Otherposes,suchas
onesfrom jumping,exhibit nearlyconstantacceleration.At
aminimum,ourobjectiveshouldcapturethesevariations.

Our solution usesa local scorefunction that computes
whetherthevelocitiesandaccelerationsinducedby thetime
warpresemblethosethatappearin thereferencemotion.In
the context of discretecompression,this can be more for-
mally de�ned as follows. Supposea candidatetime warp
yieldsanoutputof f y1; : : : ;ymg. Using�nite differences,we
computefeaturevectorsfor eachframethatencodepose,ve-
locity, andacceleration.The local scoreof a frameis then
de�ned asits distanceto thenearestequivalentlycomputed
featurevector from the referencemotion.The valueof the
objective functionis de�ned asasumof local scores:

m� 1

å
i= 2

f (yi� 1;yi ;yi+ 1) : (1)

To computemeaningfulvelocitiesandaccelerations,we
must �rst choosea properrepresentationof poses.We fol-
low theapproachof ArikanandForsyth[AF02] andcompute

featurevectorsfor joint positionsin thetorsocoordinatesys-
temof thecharacter. Thistransformationallowsframesto be
representedindependentlyof globalpositionandorientation,
thusincreasingthegeneralityof thelocal timing models.

Thefunction f (yi� 1;yi ;yi+ 1) is evaluatedasfollows.We
usetheadjacentframesto compute�nite-dif ferenceapprox-
imationsof �yi andÿi . Thesetermsareassembledinto a fea-
turevectorŷi = [yi ; �yi ; ÿi ]. We performa k-nearest-neighbor
queryon equivalentlycomputedfeaturevectorsfor the ref-
erencêz j . Thevalueof f is thende�ned astheaverageEu-
clideandistancebetweenthe featurevectorand its nearest
neighbors:

f (yi� 1;yi ;yi+ 1) =
1
k å

ẑ j 2 Ni




 ŷi � ẑ j




 : (2)

Here,Ni is thesetof k-nearest-neigbhorsto ŷi . For thetypi-
cal caseof smallerreferencemotions,thiscanbeperformed
with a linearsearch.For largerreferencemotions,weusean
approximatenearest-neighbordatastructure[AMN � 98].

Oneconcernthatariseshereis thatof temporalaliasing.
Our techniquesharesthis issuewith thedynamictimewarp-
ing algorithm,asit alsoemploys a discretesignalrepresen-
tation.However, we musttake greaterprecautions,asalias-
ing artifactscanbeexacerbatedby theapplicationof �nite-
differenceestimators.We initially experimentedwith multi-
scalerepresentationsof theinputmotionto accountfor vari-
ablesampling,but found in the endthat pre�ltering with a
uniform low-pass�lter wassuf�cient.

Our decisionto avoid higher-orderderivativeswasmoti-
vatedby the needto balancethe �e xibility and generality
of the local timing model.Higher-order derivatives would
moreaccuratelyre�ect the local propertiesof a givenrefer-
enceframe,but they would alsobemoresensitive to slight
differencesandprovide lessmeaningfulfeaturevectors.Ul-
timately, ourchoicewasmadeby acombinationof intuition
andexperimentation.

Before arriving at the current solution, we �rst tried a
purelykinematicapproachthatattemptedto preserveveloci-
tiesandaccelerationsof theinputmotion.Wefoundthatthis
strategy worksfairly well whenthegoalis to matchthetim-
ing of theinputmotionasmuchaspossible.However, it can
not be appliedto moreinterestingcasesin which the input
andreferencediffer.

We also considereda numberof parametricstatistical
modelsfor the conditionalprobabilitiesof velocity andac-
celerationgiven a certain pose.We found that, in practi-
cal use,the small sizesof the provided referencemotions
madeit dif�cult to producereliableestimateswithout over-
�tting. While variousformsof priorsanddimensionalityre-
ductioncouldbeapplied,we optedfor thenearest-neighbor
approachbecauseof its relativesimplicity andsuccessfulap-
plicationtowardsanumberof dif�cult modelingproblemsin
graphics(e.g.,[FTP03]) andotherdomains.
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E. Hsu,M. daSilva,& J. Popović / GuidedTimeWarping for MotionEditing

3.3. Optimization

Giventheconstraintsandobjective functiondescribedin the
previous sections,we can de�ne a globally optimal opti-
mizationprocedureby transformingtheprobleminto acon-
strainedshortestpath search.Note that, as with dynamic
time warping,we de�ne global optimality with respectto
adiscreteformulation.

We constructverticesthat correspondto pairs of input
framesthat may occur togetherin the warpedoutput.This
allows us to representthe local termsof theobjective func-
tion asedgeweights.Formally, wedenoteeachvertex by an
orderedpairof frames(xi ;x j ), wherei < j and j � i � s. We
de�ne directededgesconnectingvertices(xi ;x j ) to (x j ;xk)
with weight f (xi ;x j ;xk). Thisyieldsadirectedacyclic graph
with nsverticesandns2 edges.

Any pathfrom (x1;xi) to (x j ;xn) yieldsa time warpthat
satis�esthedesiredconstraints,andthetotal weightof such
a pathis preciselythe valueof our objective. For example,
supposethe input consistsof framesf x1; : : : ;x8g. Then a
time warp f 1;2;5;6;8g correspondsto the path(x1;x2) !
(x2;x5) ! (x5;x6) ! (x6;x8). The edgeweights sum to
the value of the objective: f (x1;x2;x5) + f (x2;x5;x6) +
f (x5;x6;x8). Thisexampleis shown in Figure3.

A simpleshortestpathsearchwill yield theoptimal time
warpof theinput if no otherconstraintsaregiven.Sincethe
graphis directedandacyclic, sucha searchis linear in the
sizeof the input motion: O(ns2). However, in mostcases,
we wish to �nd the optimal time warp given a target du-
ration m (althoughwe show oneexamplein our resultsin
which this is not the case).This conditioncanbe satisi�ed
by constrainingthe numberof edgesin the shortestpath
search[Sai68]. Speci�cally, we want theshortestpathfrom
(x1;xi) to (x j ;xn) with precisely(m� 2) edges.

Thealgorithmexploits thefactthattheshortestpathwith
p edgesmustcontaina shortestpathof (p� 1) edges.This
is formalizedby thefollowing recurrence:

c1(xi ;x j ) = 0; (3)

cp(x j ;xk) = min
i

cp� 1(xi ;x j ) + f (xi ;x j ;xk); (4)

wherecp(xi ;x j ) is the cost of the shortestp-edgepath to
vertex (xi ;x j ). Theminimizationproceedsby dynamicpro-
gramming:�rst computeall 1-edgeshortestpaths,extend
thosepathsto yield 2-edgeshortestpaths,andsoon.Theop-
timal warpcanberecoveredby backtrackingfrom thevertex
thatminimizescm� 2(x j ;xn).

Equivalently, this optimizationcanbe viewed asa stan-
dard shortest path search on a directed acyclic graph
with verticesf (xi ;x j )g � f 1; : : : ;m� 2g anddirectededges
(xi ;x j ; p) ! (x j ;xk; p+ 1). Here,the� operatordenotesthe
Cartesiansetproduct.Fromthis perspective, the time com-
plexity of O(mns2) directly follows.Notethatthis is asymp-
totically identicalto dynamictimewarping.

Sofar, we have only describedthecasewhenthethe�rst
andlast framesof theoutputarerequiredto matchthe �rst
andlast framesof the input, respectively. Intermediatecon-
straintsmay arisewhenmore than two keytimesarespec-
i�ed. Thesecanbe enforcedby requiring the path to pass
throughspeci�c vertices(xi ;x j ) at speci�c points p during
theoptimizationprocedure,whichessentiallyrestartstheop-
timizationwith amodi�ed initialization.

This latterobservationcanbeexploited to achieve a sig-
ni�cant, althoughheuristic,speedimprovementto our tech-
nique: we �rst solve a warp on a subsampledversion of
the input motion (say, at 5Hz insteadof 30Hz). The low-
resolutionsolutioncanthenbeusedto setintermediatekey-
timesfor a full-resolutionsearch.In practice,we foundthat
this optimizationcouldsigni�cantly improve runtimeswith
minimaldegradationof quality.

3.4. Postprocessing

Ourtechniqueproducesadiscreteapproximationto theopti-
mal timewarp.A directplaybackof theselectedframeswill
oftenyield jumpy results.We resolve this issueby applying
amoving average�lter to thewarp,which is thenusedto re-
samplethejoint anglesof theinputmotionusingquaternion
slerpinterpolation.

Time warps,regardlessof how they are generated,can
modify the frequency contentof the input. For instance,
compressionsof timecancauseabarelyperceivableswayto
becomea nervousjitter. Conversely, expansionsof time can
yield overly smoothedresults.Suchresultsare sometimes
desirable,but they canbedistractingin many applications.

A simplesolutionto the compressionissueis to apply a
uniform smoothingto the outputmotion,but doing so also
dampensimportantdetailssuchasenvironmentalcontacts.
Suchcontactsshouldideally be identi�ed andincorporated
into a smoothingprocess.Unfortunately, this is problematic
for motion-capturedata,asrobustcontactdetectionis dif�-
cult andproneto error.

We insteadchoseto extendthesimplesolutionby apply-
ing a local averagingoperationto eachframeusinga win-
dow sizeequalto theamountof compression.Thisapproach
exploits theobservationthatundesirablehigh-frequency de-
tails are only introducedduring higher compressionsand
adaptsthe amountof smoothingaccordingly. While it can
still causecertaindetailsto belost,wefoundthatit produces
goodresultsin practice.

Theexpansionissueis moredif�cult to resolve,asrestor-
ing high frequenciesinvolveshallucinatinginformationab-
sentfrom theoriginal motion.Existingtechniquescouldbe
appliedto restoredetailandtexture(e.g.,[PB02]). Wechose
to presentour resultswithout additional modi�cation be-
causewedid not �nd suchartifactsto beverydistracting.

c
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4. Results

We demonstratethe applicationof our techniqueto editing
longerinputmotionsratherthaninterpolatingcloselyspaced
keytimes.This emulatesthetypical useof keyframingtools
for time warping:animators�rst setkeytimesto meetdura-
tion or synchronizationrequirementsandthenaddinterme-
diatekeytimesto achieve thedesiredresults.In thesecases,
guidedtime warpingcanbe usedto createa detailedtime
warp without further userintervention.We envision this to
betheprimaryuseof our technique.

All of our evaluationsareperformedon motion capture
datadownsampledto 30Hz. We believe our techniqueto
beequallyapplicabletowardshigh-qualitykeyframeanima-
tion, but we unfortunatelydid not have accessto suchdata
sets.Given the dif�culty of presentingour resultsin �gure
form, we insteadreferto speci�c examplesshown in ourac-
companying videoasV1–V8.

Our �rst setof results(V1–V5) emphasizehow our tech-
niquecanchangethedurationsof input motionswhile pre-
servingtheir own naturaltiming properties.We alsoshow
results(V6–V8) in which we modify the timing properies
for differentstylisticeffects.

4.1. Preservation

Time warpingis commonlyappliedto modify the duration
of motionswhile preservingthenaturaltiming propertiesof
input motionasmuchaspossible.As describedpreviously,
our techniquecanbe appliedto this taskby providing the
inputmotionasits own reference.In ourvideo,wecompare
ourpreservationresultsto thoseachievedby linearwarping.
Sincedurationchangesareonlyspeci�edwith two keytimes,
this emulatesthebehavior of spline-basedsolutionssuchas
motionwarping[WP95] whengiventhesametask.

Our �rst evaluations(V1–V3) testa simplebasecasefor
our technique:silenceremoval. This commonly usedap-
proachfor audiocanbeappliedto motionsby detectingpe-
riodsof inactivity. However, anaive implementationof such
a techniquewould bedif�cult to tune,asit is rarethatmo-
tionsareperfectlystatic.In contrast,ourtechniquesmoothly
speedsthroughlow-activity periodsin themotion.

Theseevaluationshighlight anotherdesirableaspectof
our technique:it managesto preserve the timing of ballis-
tic activities (jumpingandfalling) without any prior knowl-
edgeof torques,constraints,or gravity. Instead,our objec-
tive functionrealizesthataccelerationsduringsuchmotions
arepracticallyconstantandthuspenalizesany temporalde-
viations. In fact, whenpresentedwith the task of shorten-
ing amorechallengingmotionwith only walkingandjump-
ing (V4), thewalkingportionsarespedupextensively while
thejumpingportionsarepreservedwith framewiseaccuracy.
In contrast,a linear scalingof the time axis yields slightly
slower locomotion,but implausiblejumps.Theseresultsare
mirroredfor expansionsof thetimeaxis(V5).

4.2. Modi�cation

Sometimestime warpsareusedfor the expresspurposeof
deviating from natural timing. To apply our techniquefor
suchtasks,the usersimply hasto provide a referencemo-
tion with thedesiredtiming properties.Notethatourpresent
formulationrequiresthe referencemotion to have thesame
skeletonastheinput.

Our �rst modi�cation evaluation (V6) shows a limited
form of style modi�cation to a weakboxing sequence.By
providing an aggressive sequenceof punchesas a refer-
ence,our methodwarps the original input to provide the
desiredeffect while maintainingits duration.Hsu andcol-
leagues[HPP05] presenta similar evaluationwhich relies
on theavailability of matchedpairsof motions.Guidedtime
warping hasno suchrequirement:the provided input and
referencemotionscanhaveadifferentsequenceof punches.
Although their techniquecan modify posesas well, there
arebene�ts to restrictingmodi�cations to the time axis,as
evidencedby our applicationof the computedtime warp
to video footagetaken during the capturesession.This is
shown in Figure4 andin ouraccompanying video.

While it maybepossibleto providecannedreferencemo-
tions,it is oftenthecasethattheonly motionavailableis the
oneto be modi�ed. In thesesituations,animatorstypically
must resortto manualwarping.Our techniquecanapplied
to simplify this task.We captureda standardlocomotionse-
quenceandadjustedasmallsegmentof it to look morelikea
limp (V7). This wasa slow process,andrepeatingit for the
rest of the motion would have beenvery tedious.Instead,
we usedguidedtime warpingto propagatethetiming prop-
ertiesof themodi�ed segmentto the remainderof theclip.
One importantnote about this result is the somewhat un-
naturalupperbodymovementin both thereferenceandthe
output.This is an unfortunateartifact of any time warping
algorithm,sinceposesin a true limp differ from thosein a
normalwalk. In spiteof this,wechoseto includethisexam-
plebecauseit highlightstheability of our techniqueto work
with veryshortreferencemotions.

McCannandcolleagues[MPS06] demonstrateda physi-
cal approachto solve a similar taskto thepreviousexample
usingamodi�cation of gravity. While thismayappearto be
simpler thanour technique,it requiresestimatingphysical
parameterswhichareoftenunavailablefor animatedcharac-
ters.Furthermore,it is often desirableto have motionsthat
defyphysicallaws.Wedemonstrateonesuchapplicationby
automaticallyemphasizingjumpsusingslow motion (V8).
For this example,we performeda manualtime warp to a
brief portionof the input motionandusedit asa reference.
Theresultshows theremainderof thejumpsemphasizedin
a similar fashion,despitethefactthatthejumpsin theinput
differ signi�cantly from thosein thereference.For thiseval-
uation,we did not carehow long theoutputwas,sowe ran
anunconstrainedversionof ourshortestpathsearch(§3.2).
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Trial n m r s Objective Optimization Heuristic
V1 493 280 493 8 1.3s 2.7s 0.17s
V2 316 180 316 10 1.7s 1.4s 0.11s
V3 378 180 378 8 1.9s 1.4s 0.14s
V4 486 320 486 8 1.0s 2.6s 0.20s
V5 401 150 101 4 0.3s 0.7s 0.06s
V6 601 301 301 8 1.3s 3.8s 0.23s
V7 573 143 45 8 0.9s 1.8s 0.14s
V8 1524 590 91 8 2.5s 0.1s —

Table 1: Parameters andrunningtimesfor our evaluations,
measuredona 2.4GHzPentium4 PC.Thefastoptimization
timefor V8 is dueto its unconstrainedoptimization.

4.3. Performance

Detailsof ourevaluationsaregivenin Table1. Weusedk= 3
nearestneighborsfor our local scorefunction. The values
n, m, andr areframecountsfor the input, output,andref-
erencemotions,respectively. The values is the frameskip
limit, asde�ned in §3.1. Theseframecountsaregivenafter
reductionto compression.The time expansionfor V5, for
instance,wasimplementedby �rst upsamplinga 101-frame
input to 401framesandthencompressingit usingtheorig-
inal 101-frameinput asthe reference.A similar tactic was
employed for V6, V7, andV8, asthey requiredboth com-
pressionsandexpansionsof thetimeaxis.

We provide separatetimings for the objective evaluation
(§3.2) andoptimization(§3.3) componentsof ourtechnique.
The former was implementedin C++ usingpublicly avail-
ablesoftware[AMN � 98], andthelatterwasimplementedin
MATLAB. Thecited timingsuseour full optimizationpro-
cedure.We also appliedthe heuristicfrom §3.3 by down-
samplingour motionsby a factorof eight.This yieldsmuch
fasteroptimizationtimeswith little effect on quality. How-
ever, it doesnot changeobjective evaluationtimesbecause
it eventuallyperformsaprunedsearchat full resolution.

5. Conclusion

Timewarpingis afundamentalmotioneditingoperationthat
can be usedfor a variety of applications.However, time
warpsmustbe carefully constructedto ensurethat the de-
siredresultsareachieved.Guidedtime warpingprovidesa
simplealternativeto tediousmanualspeci�cationthatcan�t
into existinganimationwork�o ws.

Onelimitation of ourtechnique,aspresented,is thatit can
sometimesbeuncompromisinglyautomatic.After keytimes
anda referencemotion areprovided,an animatorhaslittle
controlovertheshapeof theresultingwarpcurve.Morekey-
timescouldbespeci�ed,but it mayalsobedesirableto add
smoothnessandtangentconstraints.Thesewouldbedif�cult
to encodeinto guidedtime warpingdueto its local objec-
tive.A possiblesolutionmight employ motioninterpolation
methods(e.g.,[KG03]): by blendingbetweenguidedwarps
andsplinewarpsof thesamemotion,a usereffectively has
continuouscontrolover thein�uence of thereference.

Figure 4: Guidedtimewarpingis not only usefulfor warp-
ing animatedsequences,but other typesof signalsas well.
Weusedtheoutputof our techniqueto warpvideosequences
takenduring our motioncapture session.Here, a weakbox-
ing sequenceis madeto lookmoreaggressive.

Our resultsshow thepreservationof plausiblejumps,but
it is importantto emphasizethatour techniquedoesnot ex-
plicitly maintainphysicalconsistency. Whenthis is a prior-
ity, othertechniquesshouldbe applied[MPS06]. A bene�t
usinga datamodel is its capability to handlenon-physical
animations.Our focuson animatedcharacterssuggeststhe
useof our techniquefor cartoonsandspecialeffects.How-
ever, abroaderview of non-physicalanimationencompasses
things suchas cameramovement,motion graphics,video
footage,andsoon. In futurework, we hopeto expandupon
possibleapplicationsof our techniquein theseareas.

Ultimately, all timewarpsarelimited by thefactthatthey
cannotcreateor modify actualpostures.No amountof tem-
poraladjustmentcanconvert a slow walk into a fastsprint,
let aloneconvert a poorly constructedmotion into a good
one.As such,we view our techniqueascomplementaryto
motionsynthesismethodsin two regards.Fromanapplica-
tion perspective, guidedtime warpingis intendedfor usein
laterstagesof theanimationpipeline,whenfull resynthesis
is oftenimpractical.Froma technicalperspective,our tech-
nique can add new capabilitiesto existing synthesistech-
niquesby providing amore�e xible representationof timing.
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