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Abstract

In humanmotion control applications,the mappingbetweena contmol speci cation and an appropriate target
motionoftende esanexplicit encodingWe presenta methodhatallowssud a mappingo bede nedbyexample
giventhatthe contmol speci cationis recodedmotion.Our methodbegins by building a databaseof semantically
meaningfuinstancef the mapping ead of which is representedy syntironizedsegmentf control andtarget
motion.A dynamicprogrammingalgorithm canthenbe usedto interpret an input control speci cationin terms
of mappinginstances.This interpretation inducesa sequenceof target segmentsfrom the database which is
concatenatetb createtheapptopriatetarget motion.We evaluateour methodon two examplef indirectcontol.
In the r st,wesynthesiza walkinghumancharacterthatfollowsa sampledrajectory In thesecondwegeneate

a synthetigpartnerfor a dancerwhosemotionis acquiredthroughmotioncaptue.

CategoriesandSubjectDescriptorgaccordingo ACM CCS} 1.3.7 [ComputerGraphics]:Animation

1. Intr oduction

Authoringhumanmmotionis dif cult for computemanimators,
ashumansare exceptionallysensitve to the slightestof er-

rors. This processnvolvesan animatorproviding a control

speci cation which is mappedto a target motion by some
means.in traditional keyframe animation,for instance the

keyframesare the control speci cation, and the target mo-

tion is achievedthroughsplineinterpolation.

Dueto adwancesn dataacquisitiontechnologyandcom-
putationalpower, techniquesiave beendevelopedthatallow
desiredtarget motionto be speci ed usinga humanperfor
mance.This is naturalfor traditional keyframe animators,

who oftenuserecordedor live humanmotionfor reference.

Motion captureis the most direct methodto map perfor

mancego animatechumansasit is essentiallyan identity
mapping.However, a generalizatiorof this approachto al-

low for moreindirectmappingscreatesaan arrayof fantastic
possibilities suchasmappingvoice signalsto facialmotion
[Bra99 or gesturakctionsto animatedeactiond JP99.

Indirectmappingshowever, muststill beencodedn some
way. Manually, this canbeanexceptionallychallengingask
requiring detailed,domain-speci cknowledge.Considera
partnerdancescenaridn which ananimatorwishesto con-
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trol a follower using the capturedmotion of a leader The
mappingfrom leaderto follower motionmustminimally en-
codea signi cant amountof knowledgeaboutthe structure
of thedancethis knowledge,unfortunatelywould be out of
reachto ananimatorwho is not a skilled dancer Indeed,it
would still be dif cult for a skilled dancerto statethe pre-
cisemapping.Humandancerdearntheir skills by obsena-
tion andpractice;our objective is to emulatethis proceson
a computerfor situations,suchas partnerdance whenthe
controlspeci cationtakestheform of onedancers motion.

To learnindirectmappingswe adoptamemory-basedp-
proachwhich implicitly encodeghe desiredmappingusing
a databaseof semanticallymeaningfulexampleinstances.
Theseinstancestoresggmentsof synchronizeaontroland
targetmotion, which provide examplesof how the mapping
shouldbeappliedto inputcontrolmotions.In partnerdance,
an instancemight containan example control motion of a
leadempushinghisor herpartnerforward.Thecorresponding
exampletargetmotionwould be thatof the follower, taking
astepbackwardin response.

A new input control motion can be interpretedas a se-
qguenceof rigidly transformedandtemporallystretchedon-
trol sgmentsrom themappingdatabaseThroughthe map-
ping instancesa given interpretationalso correspondso a
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sequencef tagetsegmentghatcanbeassembledb form a
targetmotion. We usedynamicprogrammingo selecta se-
guencethat balanceghe quality of interpretationwith the
continuity of the inducedtarget motion. Various postpro-
cessingtechniquescan be then be appliedto smoothand
adjustthedesiredtargetmotion.

Ourapproachs evaluatedontwo applicationsin the rst,
we demonstratéts ability to maplow-dimensionalinput to
high-dimensionamotion by controlling walk motion from
mousetrajectoriesin thesecondwe highlight our methods
capabilityto handlecomple, stylizedmappingsy control-
ling adancefollower with the motionof adanceeader

2. Background

Performance-dvien animation,or computerpuppetry de-
rivesits broadappealfrom its ability to maphumanperfor
mancesiutomaticallyto animatedcharacter§Stu9g. While
thesemappingscan be as simple as a direct copy of joint
anglestheability to discorer morecomplex mappingggives
the approacha tremendousmountof power and e xibility .
In onlinetechnique$JP99, computationaspeedandinstan-
taneousresultsare of paramountmportance;of ine tech-
nigues[Bra99 allow quality and global optimality to take
precedenceOur methodfalls into the latter category.

Comple mappingsoften defy purely physical or mathe-
maticalencodingsAs a result,mary methodsassumehat
mappingsare describedoy parametrigorobabilisticmodels
[Bra99 DBO1, DYPO03 JP99. An adwantageof thesetech-
niquesis their ability to generalizeto a variety of inputs.
However, this comesat a price: statisticallearningoftenne-
cessitatedarge volumesof training dataor severe restric-
tions on modelcompleity. For certainapplicationsthis is
a worthwhile tradeof, but for others,it canresultin im-
practicallylong trainingtimesor lossof importantdetail. A
memory-basedpproacHik e oursdoesnotsuffer fromthese
disadwantages.

An importantbene t of this designchoiceis the ability
to use sggments,ratherthan frames,as the primitive unit
of motion. This allows for explicit preseration of higher
level motion semanticsKim et al. demonstratehat a se-
mantically guidedsegmentationof rhythmic motion allows
for highly realisticmotionsynthesisevenusingsimpletran-
sition models[KPS03. Althoughthis work, like ours,uses
partnerdancefor evaluation,it doesnotaddresshe problem
of generatinga follower giventhe motionof aleader

In thesegmentmodelingdomain we consideiour method
most similar to that of Pullenand Bregler [PB0J. While
Pullenand Bregler's methodwas shavn to be an effective
solution for the chosenapplicationof texturing keyframed
motion,its applicabilityto our problemis limited by several
factors.First, their methodassumeso spatialdependencies
betweerthe control (keyframedcurves)andthe target (tex-
tured motion). Second thereis no enforcemenbf motion

continuity, otherthana heuristicfor consecutiely obsered

sgments.Our approachgeneratesarget motion sggments
thatareamenablégo simpleblending.Finally, their method
assumedghat the input motion can be presgmentedanalo-
gouslyto the exampleswhich is achievzedin their work by

observingsignchangesn velocity. Onecouldextendthisap-

proachfor rhythmic motionsusingthe automatedapproach
of Kim etal. [KPS03. In thegeneralcase however, a con-

trol motion may not admit any intuitive presgmentation.
Onemay wish, for instance to generatevalk motion from

a constant-elocity trajectory Our methodrequiresno pre-

segmentationmoreover, it producesa semanticallyguided
segmentatioraspartof the optimization.In this contet, our

algorithmcould be viewed asan extensionof speectrecog-
nition methodghatuseconnectedvord models[RJ93.

Arikan etal. describeanexample-basedpproactto syn-
thesizinghumanmotionthatsatis essparseéemporalanno-
tation and poseconstraintf AFO03. Although their work
differsfrom oursin intent, they alsoemploy a dynamicpro-
grammingalgorithm that optimizesa weighted combina-
tion of interpretationand motion continuity Our formula-
tion differsin two subtlebut importantways.First, our no-
tion of continuityis dependenon theinterpretationthatis,
the continuity betweentwo motion sggmentsis unde ned
until a candidatenterpretationspeci esa coordinateframe
for comparisonSecondtheir objective functionis de ned
over framesinsteadof sggments As aresult,they mustuse
coarse-to- neiterationsof their dynamicprogrammingal-
gorithmto gain the temporalconsisteng thatis intrinsic to
our sggment-basedpproach.

Otherrelatedmethodshasedon motion captureclip rear
rangemenincludework by Kovar etal. [KGP0Z, Leeetal.
[LCR 02], andArikan andForsyth[AF02]. Althoughthese
do notaimto discover controlby example,they have never-
thelesgrovidedinspirationfor ourwork. An additionaldis-
tinction is thatthesemethodsdo not usecontinuouscontrol
from humanperformanceandfocuson sparsespeci cations
suchas keyframesand nontemporalpaths.Our methodis
notdesignedo handlesuchcontrolspeci cationsandthere-
fore shouldbe viewed asanalternatve to theseapproaches,
ratherthanareplacement.

Many motionrearrangemertechniquesrederived from
previous work in texture synthesisHere, we considerour
work mostsimilar in intent to imageanalogiegHJO 01].
This method,givenanun ltered and Itered versionof the
sameimage,appliesan analogouslter to a novel image.
Our method,given a setof synchronizeccontrol andtarget
motions,appliesan analogousnappingto a new input con-
trol motion. Image analogieswas shavn to be an elegant
methodwith applicationssuchas texture transfer texture-
by-numbers,and supefresolution.lt is our hope that our
methodwill have the sameversatilityfor motion.

Our danceevaluationsuggestsn alternatve view of our
methodasoneof interactionmodeling.In thisdomain tech-
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Figure 1: Sgmentationof Lindy Hop motioninto two-beat
rhythmunits.

nigueshave beendevelopedthat specify the mappingsbe-
tweencharactermotionswith explicit modelsof character
interaction Adaptive autonomousharactersiave usedrules
to exhibit complex ocking, herding,andlocomotorybeha-
iors[Rey87, TT94]. Approacheso explicit interactionmod-
eling have includedlayeredarchitecture$BG95), procedu-
ral descriptiongPG94, andevencognitve modeld FTT99.
In this context, our work might be viewed asa competeng
modulethatenhanceshe skills of characterso enabletheir
participationin comple interactive performances.

3. DatabaseConstruction

We beagin by acquiring examplesof synchronizedcontrol
motionsA andtargetmotionsB. Eachframeof motionis en-
codedby a point cloud. For humanmotion, we useskeletal
joint positions sincethis representatioprovidesa morein-

tuitive spacethanjoint anglerepresentationfor comparing
pose§KGPO0Z. Furthermorepointcloudrepresentational-

low for generalizatiorto control motionswithout skeletal
representationsuchasmousenput.

nized motionsthat togetherrepresenta primitive semantic
instanceof the mapping.Our dancemotionsare sggmented
into two-beatrhythm units, sincethey are a basicunit of
interactionfor the speci c type of dance(Lindy Hop), as
shawn in Figure 1. Our walk motions,on the other hand,
are sggmentedaccordingto gait cycles. In both caseswe
usemanualtranscription,sinceeachexamplemotion must
only be sggmentedonce. Methodsexist to automatethis
processf desired Dancemotion could be sggmentedusing
motion beatanalysissKPS03. More generalmotionscould
be sggmentedisingannotatiof AFO03 or curve clustering
[CGMS03.

4. Algorithm Description

Givena controlmotionx with T frames,our goalis to gen-
eratean appropriatetarget motion. This is achieved by se-
lecting a sequencef appropriatearget sggmentsfrom the
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Figure 2. An example instance from the databaseis
stretchedandtransformedo align the contol sggmentwith
the input motion. The samestretch and transformcan then
beappliedto thetarget segment.

databaseTo makethedatabasenotionsmore e xible, weal-
low eachselectedargetseggmentto be spatiallytransformed
anduniformly stretchedn time. Theproperselectiorof sey-
mentscanbe achiezed usingan ef cient dynamicprogram-
ming algorithm.

4.1. SingleSegment

Before developing our generalalgorithm, we addressthe
simpler problemof interpreting the input as a single con-
trol sgmentfrom the databaseWe quantify the similarity
of the input motion x anda control sggmentag with a dis-
tancefunction:

Decal)  x M(al)al ®

Here, al representsthe control segment ag, uniformly
stretchedn time to T frames,andM (x;al) is arigid trans-
formationthatoptimally alignsx anda] :

2
M(x;al) agmin X Mal (2)

This optimizationis the solutionto the Procrusteproblem,
which has several ef cient numerical solutions [ELF97].
Sinceour exampledanceand walk motionsonly differ by
groundtranslationandverticalrotation,ourimplementation
usesa closedform solution[KGP0ZJ.

To computethe optimal interpretationwe determinethe
sgmentag thatis mostsimilar to theinput motion:

s = agmin D(x;al): (3)

Theindex s alsoidenti es, by constructiorof thedatabase,
anappropriat¢argetb, for boththecontrolsegmenta, and
theinputmotionx. ThestretchT completeshespeci cation
of the optimal interpretationM (x; a )al , andthe optimal
target,M (x;al )bl . Thisis illustratedin Figure2.

Theoptimaltargetmaynotpreciselysatisfydesirecphys-
ical or kinematicconstraintsHowever, given a descriptve
databasdf canprovide a goodapproximationwhich canbe
adjustecappropriatelyduringpostprocessing.

In practice we limit the allowed amountof uniformtime
stretchby a constantfactor sincethe distancemetric does
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Figure3: Agoodinterpretationmaynotaccountor thecon-
tinuity of the target (middle).Our scoringfunctionstrikesa
balancebetweerthetwo (bottom).

notdistinguishbetweermotionsof varyingspeedA dancer
thatpushedis partnerslowly, for instancewill elicit quitea
differentresponsé he pushegyuickly. Limiting theamount
of stretchalsohasthepracticalbene t of reducingthesearch
spaceof our generaklgorithm,whichwe will now describe.

4.2. Multiple Segments

In generalwe musthandlethe casewherethe optimal con-
trol andtarget consistof a sequencef segments.We can
specify this sequenceanalogouslyto the single segment
caseby the numberof sggmentsL , the sggmentindices

As in thesingleseggmentcasethe distancemetricD eval-
uatesthe interpretationquality of eachsegmentin the se-
guenceHowever, thequality of theinterpretatioralonedoes
notaccountor the continuity of thetargetmotion,asshaovn
in Figure 3. To offsetthis problem,we introducea function
which measureshe continuity betweersggmentsv andw:

C(v;w) = kw(v) a(w)k®: (4)

Here,a andw representhe headandtail functions,which

respectiely extractthe positionsof the rst andlastframe

of a sggment.One could also usemore framesto measure
higherordercontinuityif desired.

both the quality of interpretationand the continuity of the
target:

L L1
& D(x;ad)+ k& C Mibd;Mis1bSt - (5)
i=1 i=1

Here,x; is the subinteral of theinput thatis implied by the

formationsM; M (xi;ag.i). The userspeci ed constantk
de nesthebalanceof interpretatiorandcontinuity.

The optimal substructurgropertyof the scorefunction,
asde ned by thefollowing recurrencecanbeusedto nd a
globally optimalsolutionusingdynamicprogramming:

Qsalt] = min Qrelt ]+ D(xay;25) (6)
+ kC(Mr;c;t de;Msd;tbg)
Qsald] = D(Xgg;8d): @)

Here, x4t representsghe subsequencef input frames
startingat framet  d andendingat framet, whichin turn
inducesthealignmentmatrix M gt M(xd;t;ag). Qsqlt]is
de ned asthe scoreof the optimizationon the subsequence
Xt:it, giventhatthelastsggmentis indexed by s andstretched
to durationd. By minimizing Qsq[T] over all s andd, we
cancomputethe scoreof the optimal sequencspeci cation
andrecoverit by backtrackingln thefollowing section,we
describethis processn moredetail.

4.3. Implementation

To solve therecurrenceef ciently, valuesof Q arestoredin
a two-dimensionahrray Cellsin this arrayareindexed by
thetimet ononeaxisandby all legal combinationof sand
d on the other (recall from Section4.1 that the amountof
allowed stretchis limited). First, all legal valuesof Qgq[d]
areinitialized accordingo thebasecasegivenin Equation?,
and all other array cells are setto in nity . The algorithm
proceeddy iteratingforward throughtime. At eachtimet,
all non-in nite cellsarelocatedandscoresareconditionally
propagtedforwardin time accordingio Equation6.

More speci cally, supposehatwe arecurrentlyprocess-
ing thearraycell Qy.c[t]. For eachlegal combinatiorof sand
d, thecandidatevaluez is computed:

2= Qrelt]+ D(Xgt+ d;a%) + KC(M et bS; Mg+ bd): (8)

If thevaluein thearraycell Qsq4[t + d] is greaterthanz, we
setit to zandstoreabackpointetto cell Qr.c[t]. By continu-
ing this processtheentirearrayis lled. Sincetheindexing
of eachcell encodesa sggmentidenti er and duration,the
optimal sequencepeci cationcanbe recoveredby follow-
ing backpointergrom the bestscoreattime T.

4.4, Ef ciency

At eachtimet, O(P) nonin nite cellsareprocessedywhere
P is the numberof legal combinationsof s and d. Since
processingnindividual cell is an O(P) operation thetotal
asymptotictime compleity of the algorithmis O(P2T). To
increasdts ef ciency, we apply several heuristicoptimiza-
tions.
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Beam search. Ratherthan processall O(P) nonin nite
cells at eachtime t, we only processcells with scoresless
thanmingg Qsq[t] + W, wherew is auserspeci ed constant.
Thistechniquds known asbeamseach, andw is known as
thebeamwidth. This is motivatedby thefactthatcellswith
worsescoresareunlikely to be on the optimal backtracking
path,andthuscanbe prunedfrom the search.

Clustering. In Section3, we describedthe construction
of a motion databasey storingall instancesderived from
the examples.Sincethe time compleity of the algorithm
scalesquadraticallywith the databaseize,this leadsto in-
efciency when the numberof instancesis large. To re-
solve this issue,redundantinstancesare eliminatedusing
complete-linkge clusteringlDHS0Q. For this,thedistances
betweeninstancess de ned by Equationl. The advantage
of complete-linkageslusteringover othermethodg(suchas
k-means)s thatit explicitly limits thedistanceof ary twoin-
stancesn aclusterby auserde nedthresholdAfter clusters
are formed, a representatie instanceis chosenat random
from eachclusterto remainin the databaseandall otherin-
stancesrediscardedAn additionalbene t of thisprocesss
thatit helpsheamsearchsinceclusteringreducesambiguity
in interpretationa larger proportionof searchpathscanbe
pruned.

Downsampling. High samplingratesarecommonfor sys-
temssuchasmotion capture but they aregenerallyunnec-
essaryfor interpretingthe input control motion. By down-

samplingmotionsby a userchosenconstantwe caneffec-
tively reducethelengthof theinput sequence-However, the
resultingoptimal sequencespeci cationwill alsobe at the
lowerframerate,andit is generallydesirabldo haveit atthe
framerateof theoriginalinput. Simpleupsamplingoftenin-

troducesslight but undesirablaemporalerrors.To remedy
this, we run a highly constrainedversion of our dynamic
programmingalgorithmthat only adjuststhe durationsap-
propriately Constraintscan be easily encodedby making
appropriatecellsin the Q arrayillegal. For instancewe can
forcetheresultto containacertaintargetsegmentbg atsome
timet by disalloving ary processingn cells Qr.c[u], where
résandu c t u.

5. Postprocessing

As describedin Section4, the outputof our optimization
is a speci cation of an appropriatetarget motion in terms
of tamget segmentsin a databaseSpeci cally, it provides

a moving point cloud that approximateghe desiredresult.
Of course,the sameselections stretchesand transforma-
tions canjust aseasilybe appliedto the sourcemotionsthat
generatedhe pointcloud.
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Figure 4: A handholdconstaint, indicatedby theline con-
nectingthe characters, is propagatedfrom annotatedexam-
plesto this geneatedmotion.In this two-beatsequencghe
leaderbeginsin an opencrosshandtanceand pulls thefol-
lowerin (1,2). Thefollowerreleasefhiandholdandperforms
an insideturn toward the leader(3,4). Nearingcompletion
of theturn, the follower prepaesto catc the leader's hand
and enter embace (5), and handholdis reestablishedn
closedstance(6).

Fromthe perspectie of motion synthesisthe mainprob-
lem with our approachis thatthe raw resultwill generally
containsomekinematicerrors.ln our danceexample,foot-
plantandhandholdconstraintsarenever explicitly enforced.
For such constraints,existing methodscan be applied to
postprocesshe data[KSG0Z, but suchmethodsoften re-
quire someamountof manualconstraintannotation.Like
similar motionclip rearrangemertechniquesye canprop-
agate constraintsby example.In otherwords, eachexam-
ple instancecan be annotatedwith constraintsthat canbe
transferredo thetargetmotion. Thisis demonstratetly our
propagtionof handholdconstraintsshovn in Figure4.

We do not aim to introducenovel solutionsfor motion
blendingor constraintsatisfction. Instead,our goal is to
provide motionthatis amenabléo postprocessingith these
approacheslo demonstrateur methods capabilitiesin this
regard,we shawv thatit cangenerateealisticandcompelling
motion,evenwith extremelysimplepostprocessingur re-
sults, shawvn in the following sectionandin our accompa-
nying video, are ltered with a basicsmoothingoperation
thatlinearly adjustsmotion curvesto matchacrosssegment
boundaries.

6. Resultsand Evaluation

We evaluateour techniquewith two examples.In the rst,
we animatea realistic walking humanfrom time-sampled
mousemovement.Walk motions,however, do not shav the
full ability of our techniqueto discover comple« mappings.
To betterdemonstratehis aspectwe apply our methodto
a partnerdancecalled Lindy Hop. Speci cally, we usethe
complex motion of the danceleaderto drive the motion of
thefollower.
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In the following sections,all humanmotions were ac-
quiredin a motion capturestudioand standarccommercial
tools were usedto estimatejoint positions[Vic03]. For the
pointcloudrepresentationf bodymotion,we usedonly the
positionsof the handsandfeet, aswe found thattheseend-
effectorsweresufcient to evaluateinterpretatiorandconti-
nuity in bothevaluationsTo generatéhemotion,we applied
theresultingsequencepeci cationto thesourcemotionand
usedbasicsmoothing.

All timings were performedon a workstationwith dual
2.4 GhzIntel Xeon processorsWhereapplicable we state
the clock times for the dynamic programmingalgorithm
(Section4.3), upsamplingSection4.4), andpostprocessing
(Section5). The continuity constantde ned in Section4.2,
andthe stretchlimit werechoserexperimentally

6.1. Walk

We acquired2 minutesof motion capturedwalk footageat
30 Hz. The subjectwasdirectedto walk within the capture
areawith randomchangesdn directionand speedWe arti-
cially constructedh synchronizedxamplecontrolmotion
by projectingthe positionsof the hip joints onto the oor
andnormalizingtheir distanceAs statedpreviously, thetar
getmotionswererepresentetly end-efector positions.

The walk footagewastranscribednanuallyaccordingto
the gait cycle. More speci cally, a sgmentationpoint was
manually placedat eachfootplant. From this processwe
created200 sggments,which we reducedto 70 using clus-
tering.In ourtestswe downsampledhesemotionsto 10 Hz
andallowedeachsggmentto bestretched 0:2 seconds.

Our rst evaluation involved creating control motions
from new walk motionsthat were not in the databaseAs
before,we projectedthe hip joints ontothe groundandnor-
malizedtheir distance We ran our algorithmon thesecon-
trol motionsandcomparedur resultsto the original source
motions.Experimentallywe foundthatlarger valuesof the
continuity constantveremoreeffective.

For shortwalks,thegeneratednotionwashighly realistic.
Thefrequeng of thegeneratedait cycle nearlymatchedhe
frequeny of thesource put phasediffered.In moreconcrete
terms,thegenerateanotionmight chooseo starton theleft
foot, whereashe original sourcemotion might starton the
right. This was expected,asthe control signalsdid not en-
codeary phasenformation.For longerwalks, howvever, we
weresurprisedo discover thatthe generatednotionsoften
keptin nearlyperfectphasewith the source The reasorfor
this wasthatthe subjectpreferredto make sharpturnswith
the samefootwork pattern.Thesesened as synchronizing
signalswhichwerepropa@tedthroughouthegeneratedait
cycle dueto theglobaloptimization.

In our timing tests,we useda 57 secondcontrol motion.
We rst ranthealgorithmwithoutthebeamsearctoptimiza-

Figure 5: A syntheticcharacter walks along a trajectory
from mouseinput. The spacingof the pointsindicatesthe
speed.

tion. The dynamic programmingalgorithm took 12.5 sec-
onds,upsamplingfrom 10 Hz to 30 Hz took 0.4 seconds,
andpostprocessingpok 1.1 secondsWith the beamsearch
optimizationon, we were ableto reducethe clock time of
thealgorithmto 1.2 secondg47 second®f input processed
per secondof clock time) while retainingvisually perfect
results.The upsamplingandpostprocessingmesremained
the same.We ran the algorithm on shorterand longer in-
putsandexperimentallycon rmed theasymptotidinearde-
pendenyg of runningtime oninputlength,describedn Sec-
tion 4.4

In our secondevaluation,we built an interface that al-
lowed usersto drav pathsusingmouseinput, asshavn in
Figure5. The positionof the mousepointerwassampledat
30 Hz, and Frenetframeswere usedto generatea control
motion. For a wide variety of userinputs,our methodwas
capableof generatindiighly realisticwalking motion.Since
thetiming of the pathwasimportant,we foundthatuserse-
quiredminor trainingto understandhe concepiof perform-
ing a pathinsteadof drawingit. It wasoftentempting,for
instanceto rapidly move the mouseto draw a straightline.
Thiswould correspondo aimpossiblyfastrun, well beyond
the capabilitiesof a human.To resole theseissuespur in-
terfaceallows a userto overlay the playbackof an existing
motion on the drawing carvasto geta senseof speedFur
thermore,it providesoptionsto smooththe trajectoryspa-
tially andtemporally The speedof the algorithmallows for
rapidfeedback.

6.2. Dance

Our choiceof partnerdanceasa demonstrationvasprimar
ily motivatedby the compleity of its style and mappings.
From a small sgmentedsetof exampleinstanceswe gen-
eratea follower's motion to accompan a leaders motion.
Generatingpartnerdancemotion would be a dif cult trial
for both physical methodswhich would yield underdeter
mined systemsand statisticalmethodswhich would typi-
cally requireavery large databasén placeof our smallseg-
mentedone.Swingdancealsoallows for a moreprincipled
evaluationof our resultsthan mosttypesof motion, since

¢ TheEurographic#ssociation2004.
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Databasdéatterns TestPatterns

1 1 1 - 1 1T x _ 8 x1 —
2 1y 2 1T x~ 9 X7y~
3 1T 1 - 3 T 1~ 10 x71 _
4 T X 4 1T "y~ 11 T Ty
5 1T 7y~ 5 1T x7 12 X X _
6 1T 1T — 6 1T 71 _ 13 X X~
7 x71 = 7 1T .y _ 14 171

Table 1: A notational description of the dance patterns
storedin thedatabaseandthe novel testpatternsperformed
in our threetestdancesOur techniqueadaptsby rearrang-
ing the sgmentsin the databaseo recreatethe patternsit
hasnotseerbefore.

the performanceof the algorithm at generatingvalid map-
pingscanbeevaluatedndependentlyf styleconsiderations
or subjectve judgmentf motionquality.

Lindy Hop is a subgenreof swing dancethat, at a basic
level, canbe describedasa statemachine A dancecouple
movesbetweerfour basicstancesopen(™), closed(™), open
crosshand_), andclosedcrosshand_). Openandclosedre-
ferto whetherthecoupleis apartor in embracerespectiely.
Crosshandefersto the casewhenthe leaderand follower
holdright handg(we couldalsoreferto it asa handshag).

Basic Lindy Hop motions switch betweenthese four
stancedy meansof transitions:an insideturn (x ), when
the follower spinstowardsthe leader an outsideturn (y ),
whenthe follower spinsaway from the leader anda simple
step(! ). At theendof eachtransition thedancersnayalso
changeheir handholdto instantlytransitionbetweercross-
handstateg(_, _) andnon-crosshandtates(~, 7). Figure 4
shaws a coupletransitioningfrom opencrosshandtanceto
closedstancausinganoutsideturn: _y ~. Eachof thesetran-
sitionsoccursover four beatsof music,whichareassembled
from two-beatsggments;this was our motivation for per
forming two-beatsegmentation,as describedn Section3.
Figure4 shows only thelasttwo beatsof a four-beattransi-
tion thatstartswith atwo-beatrockingmotion.

Skilled Lindy Hop dancersiseagreatewarietyof moves,
rangingfrom morecomplex transitionssuchasdoubleout-
side turns to comple aerial maneuers. We did not in-
cludethe entirerangeof motions.Insteadwe constructecg
smallerdatabasevith sevenbasic8-beatdancepatternghat
every Lindy Hop dancerknows (shavn in the rst column
of Table1). We constructedhe motion databasdérom a set
of 12 shortdancesgachcontainingthe seven basic8-beat
patternsgiving atotal of 5 minutesof motion. Thesedances
weresggmentednto 364 two-beatmappinginstancesyith
lengthsvaryingfrom approximately0.6 secondso 1 second
dueto differentmusic.

For our evaluationswe capturedhreelongertestdances
(approximately2-3 minuteseach)in whichthedancersvere
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instructedto improvise with the transitionsand stancesn-

cludedin the databaseTheir improvisationsled to dances
whichincludedthirteennew 8-beatpatternsotfoundin the
databasdshown in the last column of Table 1) aswell as
somerepeatf patternsin the databaseThesetestdances
spannecdh temporangefrom about120 beatsper minuteto

aboutl90beatsperminute.We usedthemotionof theleader
to control a syntheticfollower, which was then compared
with theactualfollower.

Visually, theresultsexhibitedthe uidity , grace.andstyle
of the original dancer Somefootskateand handholdviola-
tionsarevisible becauseve wantedto shawv theoutputin its
almostraw form, with smoothingappliedonly for visualco-
herenceln adirectcomparisorwith theactualfollower mo-
tions,we foundthatthesynthetidfollowermatchedrerywell
in closedstancesin openstancesthe follower was much
freerto includestylistic variations sothegenerateanotions
often differed visually from the actual motions. Addition-
ally, the synthesizedlancersalmostalwayskeptin perfect
rhythmwith theleader

Our algorithmably recreatedhe semanticf the leader
to followermapping gvenfor novel patternsWhenthealgo-
rithm encountered patternthatwasnotin thedatabaséone
of 14 suchpatternshavn in Tablel), it wasableto correctly
reconstructhe novel sequencéy rearranginghe two-beat
sggments.Of the 91 patterns(21 unique)in our threetest
dancesthe syntheticdancermatchedthe patternof the ac-
tual danceiin all but 5 casespneof whichis shavn in Fig-
ure 6. Whenthe algorithmdid differ from the real dancer
in the compositionof the pattern,the leaderand follower
still executeda valid Lindy Hop pattern.In thesemisinter
pretedinstancesthe leaders motionis quite similar across
two differentfollower patterns.To disambiguatehese,we
might addinformationto the control signal, suchasforce-
plate readings,or we might accepttheserare mismatches
becausdhey arein factvalid mappingsFurthermoreall 5
mismatchedgatterndifferedby a singletwo-beatsegment,
so,0f 91 4= 364two-beatseggmentsn thetestdancesthe
algorithm misinterpretedhe signalin 5 casesfor an error
rateof lessthan2%.

For all our evaluationsandtiming tests,we reducedthe
sizeof the databasérom 364 to 168with clustering,down-
sampledo 7.5Hz, andallowed a sggmentstretchof 0:15
secondsWe cite our ef ciency gures for generatingfrom
leadermotion only, a particular150 seconddancemation.
Without beamsearchthe dynamicprogrammingalgorithm
ran for 78 seconds?2 secondswvere spenton upsampling,
and 26 secondswere spenton postprocessingWith beam
searchenabledwith modestparameterswe were able to
drivetheruntimeof thedynamicprogrammingo 10seconds
while maintainingexcellentvisualandsemantiaesults.As
with our walk motion evaluation,we foundthatclock times
scaledinearly with thelengthof theinput.
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Figure 6: Onthetop,a clip of anactualdanceis displayedHere, theleaderperformsa regular handholdchange during a step
transition. Thistransitionnever occuis in our motiondatabaseln responséo the samemotioncue our algorithmgenertesa
leapingoutsideturn, as showon the bottom.Thisis oneof ve two-beatsggmentgout of 380two-beatsegmentsn our three
testdances)whete the algorithm differs in its selectionof responsdrom an experiencedlancefollower In otherinstancesf
this regular handholdchange during a steptransitionin the testdata, the algorithm correctly sequencesmotionsto discover

this novel vocahulary element.

7. Conclusion

We have presente@ methodfor example-basegderformance
controlof humanmotion. Our dynamicprogrammingalgo-
rithm usessegmentsof motionalongwith anobjective func-
tion thataccountdor boththe quality of controlinterpreta-
tion andthe continuity of the target motion to generatevi-
sually and semanticallycorrectmotions. The semanticac-
curay of the generateanotion wasevaluatedin the setting
of partnerdance wherethe follower's motion is generated
from the leaders motion. The algorithm generatedseman-
tically correctpartnermotion even from test sequencesf
leademotionsthatdid notappeaiin thetrainingset.

Our dynamicprogrammingalgorithm performsa global
optimization, which precludesthe local decisionsthat are
requiredfor online applications However, we demonstrate
in our evaluationsthatit can computeresultssigni cantly
fasterthan input motion can be recorded,thus making it
suitablefor rapid-feedbackmotion authoringapplications.
We believe that sggmentalapproachesike ourshold great
promisefor real-time performance-dvien animation,and
considerit a promisingareaof futureresearch.

To presere spatialdependenciem mappingswe apply
rigid transformationgto optimally align control sgments
with input control motions. Target sggmentsinherit these
transformationsThis approachis effective for our applica-
tions or wheneer the control signal indicatesappropriate
spatialandtemporalcues.It is alsopossibleto selectother
transformationdor applicationsoutsidethe domainof hu-
manmotion control. For instanceallowing arbitraryhomo-
geneoudransformationsn two dimensionsmight form an
alternatve segmentalsolutionto the curve analogiesprob-

lem [HOCSO03. Eliminating transformation®ntirely might
alsobe appropriatefor applicationssuchassynthesiof fa-
cial motionfrom speectsignals[Bra99.

We have shovn that our segmentsimilarity metricis ef-
fective for our experiments However, we acknavledgethe
factthatothermetricsmaybe moreappropriatdor different
typesof motion andbelieve thatit is a promisingdirection
for futureresearch.

In the processof generatingarget motion, our dynamic
programmingalgorithmperformsasemanticallyguidedsey-
mentationof the input control motion. The entire process,
however, reliesontheavailability of semanticallyisegmented
examples For our evaluationswe wereableto performthis
segmentationmanuallyby tappinga key in responseo the
rhythm of musicor the gait patternof a walk cycle. While
speci ¢ methodsexist to automatehis segmentatiorfor the
case®f danceandwalk, amoregeneramethods desirable.
For this, we couldbegin with afew manuallysggmentecdex-
amplesand grow the setof exampleinstancedy iterative
applicationof our algorithm. This approachwould be simi-
lar in spirit to the semiautomatiSVM-basedannotatiorap-
proachof Arikan etal. [AFO03.

The annotationpropagtion we describeabore suggests
thatour methodcould be usedfor interpretatiorratherthan
control.Parallelingourautomatiannotatiorof handholdsit
is possibleto annotateary new controlmotiongivenasetof
labeledexampleinstancesThis could be usedto transcribe
the motioninto a symbolicrepresentationsuchasthe one
usedin this paper or even Labannotation[Hut73. Sucha
representatiocould thenbe analyzedor summarizedising
naturallanguageprocessindechniques.
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