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Abstract
In humanmotioncontrol applications,the mappingbetweena control speci�cation and an appropriate target
motionoftende�esanexplicit encoding. Wepresenta methodthatallowssuch a mappingto bede�nedbyexample,
giventhat thecontrol speci�cationis recordedmotion.Our methodbeginsbybuilding a databaseof semantically
meaningfulinstancesof themapping, each of which is representedbysynchronizedsegmentsof control andtarget
motion.A dynamicprogrammingalgorithmcan thenbeusedto interpret an input control speci�cationin terms
of mappinginstances.This interpretation inducesa sequenceof target segmentsfrom the database, which is
concatenatedto createtheappropriatetargetmotion.Weevaluateour methodontwoexamplesof indirectcontrol.
In the�r st,wesynthesizea walkinghumancharacterthat followsa sampledtrajectory. In thesecond,wegenerate
a syntheticpartnerfor a dancerwhosemotionis acquiredthroughmotioncapture.

CategoriesandSubjectDescriptors(accordingto ACM CCS): I.3.7 [ComputerGraphics]:Animation

1. Intr oduction

Authoringhumanmotionis dif�cult for computeranimators,
ashumansareexceptionallysensitive to theslightestof er-
rors.This processinvolvesananimatorproviding a control
speci�cation which is mappedto a target motion by some
means.In traditionalkeyframeanimation,for instance,the
keyframesare the control speci�cation,andthe target mo-
tion is achievedthroughsplineinterpolation.

Dueto advancesin dataacquisitiontechnologyandcom-
putationalpower, techniqueshavebeendevelopedthatallow
desiredtargetmotion to bespeci�ed usinga humanperfor-
mance.This is natural for traditional keyframe animators,
who oftenuserecordedor live humanmotionfor reference.
Motion captureis the most direct methodto map perfor-
mancesto animatedhumans,asit is essentiallyan identity
mapping.However, a generalizationof this approachto al-
low for moreindirectmappingscreatesanarrayof fantastic
possibilities,suchasmappingvoicesignalsto facialmotion
[Bra99] or gesturalactionsto animatedreactions[JP99].

Indirectmappings,however, muststill beencodedin some
way. Manually, thiscanbeanexceptionallychallengingtask
requiring detailed,domain-speci�cknowledge.Considera
partnerdancescenarioin which ananimatorwishesto con-

trol a follower using the capturedmotion of a leader. The
mappingfrom leaderto followermotionmustminimally en-
codea signi�cant amountof knowledgeaboutthestructure
of thedance;thisknowledge,unfortunately, wouldbeoutof
reachto ananimatorwho is not a skilled dancer. Indeed,it
would still be dif�cult for a skilled dancerto statethe pre-
cisemapping.Humandancerslearntheir skills by observa-
tion andpractice;our objective is to emulatethis processon
a computerfor situations,suchaspartnerdance,whenthe
controlspeci�cationtakestheform of onedancer'smotion.

To learnindirectmappings,weadoptamemory-basedap-
proachwhich implicitly encodesthedesiredmappingusing
a databaseof semanticallymeaningfulexample instances.
Theseinstancesstoresegmentsof synchronizedcontroland
targetmotion,which provide examplesof how themapping
shouldbeappliedto inputcontrolmotions.In partnerdance,
an instancemight containan examplecontrol motion of a
leaderpushinghisor herpartnerforward.Thecorresponding
exampletargetmotionwould bethatof thefollower, taking
astepbackwardin response.

A new input control motion can be interpretedas a se-
quenceof rigidly transformedandtemporallystretchedcon-
trol segmentsfrom themappingdatabase.Throughthemap-
ping instances,a given interpretationalsocorrespondsto a

c
 TheEurographicsAssociation2004.
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sequenceof targetsegmentsthatcanbeassembledto form a
targetmotion.We usedynamicprogrammingto selecta se-
quencethat balancesthe quality of interpretationwith the
continuity of the inducedtarget motion. Various postpro-
cessingtechniquescan be then be applied to smoothand
adjustthedesiredtargetmotion.

Ourapproachis evaluatedontwo applications.In the�rst,
we demonstrateits ability to maplow-dimensionalinput to
high-dimensionalmotion by controlling walk motion from
mousetrajectories.In thesecond,wehighlightourmethod's
capabilityto handlecomplex, stylizedmappingsby control-
ling adancefollowerwith themotionof adanceleader.

2. Background

Performance-driven animation,or computerpuppetry, de-
rivesits broadappealfrom its ability to maphumanperfor-
mancesautomaticallyto animatedcharacters[Stu98]. While
thesemappingscan be as simple as a direct copy of joint
angles,theability to discovermorecomplex mappingsgives
theapproacha tremendousamountof power and�e xibility .
In onlinetechniques[JP99], computationalspeedandinstan-
taneousresultsare of paramountimportance;of�ine tech-
niques[Bra99] allow quality andglobal optimality to take
precedence.Ourmethodfalls into thelattercategory.

Complex mappingsoftendefy purelyphysicalor mathe-
maticalencodings.As a result,many methodsassumethat
mappingsaredescribedby parametricprobabilisticmodels
[Bra99, DB01, DYP03, JP99]. An advantageof thesetech-
niquesis their ability to generalizeto a variety of inputs.
However, this comesat a price:statisticallearningoftenne-
cessitateslarge volumesof training dataor severe restric-
tions on modelcomplexity. For certainapplications,this is
a worthwhile tradeoff, but for others,it can result in im-
practicallylong trainingtimesor lossof importantdetail.A
memory-basedapproachlikeoursdoesnotsuffer from these
disadvantages.

An importantbene�t of this designchoiceis the ability
to usesegments,rather than frames,as the primitive unit
of motion. This allows for explicit preservation of higher-
level motion semantics.Kim et al. demonstratethat a se-
manticallyguidedsegmentationof rhythmic motion allows
for highly realisticmotionsynthesis,evenusingsimpletran-
sition models[KPS03]. Although this work, like ours,uses
partnerdancefor evaluation,it doesnotaddresstheproblem
of generatinga followergiventhemotionof a leader.

In thesegmentmodelingdomain,weconsiderourmethod
most similar to that of Pullen and Bregler [PB02]. While
PullenandBregler's methodwasshown to be an effective
solution for the chosenapplicationof texturing keyframed
motion,its applicabilityto ourproblemis limited by several
factors.First, their methodassumesno spatialdependencies
betweenthecontrol (keyframedcurves)andthetarget (tex-
tured motion). Second,thereis no enforcementof motion

continuity, otherthana heuristicfor consecutively observed
segments.Our approachgeneratestarget motion segments
thatareamenableto simpleblending.Finally, their method
assumesthat the input motion canbe presegmentedanalo-
gouslyto theexamples,which is achieved in their work by
observingsignchangesin velocity. Onecouldextendthisap-
proachfor rhythmic motionsusingtheautomatedapproach
of Kim et al. [KPS03]. In thegeneralcase,however, a con-
trol motion may not admit any intuitive presegmentation.
Onemay wish, for instance,to generatewalk motion from
a constant-velocity trajectory. Our methodrequiresno pre-
segmentation;moreover, it producesa semanticallyguided
segmentationaspartof theoptimization.In thiscontext, our
algorithmcouldbeviewedasanextensionof speechrecog-
nition methodsthatuseconnectedwordmodels[RJ93].

Arikan et al. describeanexample-basedapproachto syn-
thesizinghumanmotionthatsatis�essparsetemporalanno-
tation andposeconstraints[AFO03]. Although their work
differsfrom oursin intent,they alsoemploy a dynamicpro-
grammingalgorithm that optimizesa weightedcombina-
tion of interpretationand motion continuity. Our formula-
tion differs in two subtlebut importantways.First, our no-
tion of continuity is dependenton theinterpretation;that is,
the continuity betweentwo motion segmentsis unde�ned
until a candidateinterpretationspeci�esa coordinateframe
for comparison.Second,their objective function is de�ned
over framesinsteadof segments.As a result,they mustuse
coarse-to-�neiterationsof their dynamicprogrammingal-
gorithmto gain the temporalconsistency that is intrinsic to
oursegment-basedapproach.

Otherrelatedmethodsbasedon motioncaptureclip rear-
rangementincludework by Kovar et al. [KGP02], Leeet al.
[LCR� 02], andArikan andForsyth[AF02]. Althoughthese
do not aim to discover controlby example,they have never-
thelessprovidedinspirationfor ourwork. An additionaldis-
tinction is that thesemethodsdo not usecontinuouscontrol
from humanperformanceandfocusonsparserspeci�cations
suchas keyframesand nontemporalpaths.Our methodis
notdesignedto handlesuchcontrolspeci�cationsandthere-
fore shouldbeviewedasanalternative to theseapproaches,
ratherthana replacement.

Many motionrearrangementtechniquesarederivedfrom
previous work in texture synthesis.Here,we considerour
work most similar in intent to imageanalogies[HJO� 01].
This method,givenanun�ltered and�ltered versionof the
sameimage,appliesan analogous�lter to a novel image.
Our method,givena setof synchronizedcontrol andtarget
motions,appliesananalogousmappingto a new input con-
trol motion. Imageanalogieswas shown to be an elegant
methodwith applicationssuchas texture transfer, texture-
by-numbers,and super-resolution.It is our hope that our
methodwill have thesameversatilityfor motion.

Our danceevaluationsuggestsanalternative view of our
methodasoneof interactionmodeling.In thisdomain,tech-
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Figure 1: Segmentationof Lindy Hop motioninto two-beat
rhythmunits.

niqueshave beendevelopedthat specify the mappingsbe-
tweencharactermotionswith explicit modelsof character
interaction.Adaptiveautonomouscharactershaveusedrules
to exhibit complex �ocking, herding,andlocomotorybehav-
iors [Rey87, TT94]. Approachesto explicit interactionmod-
eling have includedlayeredarchitectures[BG95], procedu-
ral descriptions[PG96], andevencognitivemodels[FTT99].
In this context, our work might beviewedasa competency
modulethatenhancestheskills of charactersto enabletheir
participationin complex interactiveperformances.

3. DatabaseConstruction

We begin by acquiringexamplesof synchronizedcontrol
motionsA andtargetmotionsB. Eachframeof motionis en-
codedby a point cloud.For humanmotion,we useskeletal
joint positions,sincethis representationprovidesa morein-
tuitive spacethanjoint anglerepresentationsfor comparing
poses[KGP02]. Furthermore,pointcloudrepresentationsal-
low for generalizationto control motionswithout skeletal
representations,suchasmouseinput.

Theexamplesaredividedintocontrolsegmentsa1; : : : ;aN
andtargetsegmentsb1; : : : ;bN, whereai andbi aresynchro-
nizedmotionsthat togetherrepresenta primitive semantic
instanceof themapping.Our dancemotionsaresegmented
into two-beatrhythm units, sincethey are a basicunit of
interactionfor the speci�c type of dance(Lindy Hop), as
shown in Figure 1. Our walk motions,on the other hand,
are segmentedaccordingto gait cycles. In both cases,we
usemanualtranscription,sinceeachexamplemotion must
only be segmentedonce. Methodsexist to automatethis
processif desired.Dancemotioncouldbesegmentedusing
motionbeatanalysis[KPS03]. More generalmotionscould
besegmentedusingannotation[AFO03] or curveclustering
[CGMS03].

4. Algorithm Description

Givena controlmotionx with T frames,our goal is to gen-
eratean appropriatetarget motion. This is achieved by se-
lecting a sequenceof appropriatetarget segmentsfrom the

Figure 2: An example instance from the database is
stretchedandtransformedto align thecontrol segmentwith
the input motion.Thesamestretch and transformcan then
beappliedto thetarget segment.

database.Tomakethedatabasemotionsmore�e xible,weal-
low eachselectedtargetsegmentto bespatiallytransformed
anduniformly stretchedin time.Theproperselectionof seg-
mentscanbeachievedusinganef�cient dynamicprogram-
mingalgorithm.

4.1. SingleSegment

Before developing our generalalgorithm, we addressthe
simpler problemof interpreting the input as a single con-
trol segmentfrom the database.We quantify the similarity
of the input motion x anda control segmentas with a dis-
tancefunction:

D(x;aT
s ) �






 x � M(x;aT

s )aT
s








2
: (1)

Here, aT
s representsthe control segment as, uniformly

stretchedin time to T frames,andM(x;aT
s ) is a rigid trans-

formationthatoptimallyalignsx andaT
s :

M(x;aT
s ) � argmin

M






 x � MaT

s








2
: (2)

This optimizationis thesolutionto theProcrustesproblem,
which has several ef�cient numerical solutions [ELF97].
Sinceour exampledanceandwalk motionsonly differ by
groundtranslationandverticalrotation,our implementation
usesaclosedform solution[KGP02].

To computethe optimal interpretation,we determinethe
segmentas� thatis mostsimilar to theinputmotion:

s� = argmin
s

D(x;aT
s ): (3)

Theindex s� alsoidenti�es, by constructionof thedatabase,
anappropriatetargetbs� for boththecontrolsegmentas� and
theinputmotionx. ThestretchT completesthespeci�cation
of the optimal interpretation,M(x;aT

s� )aT
s� , andthe optimal

target,M(x;aT
s� )bT

s� . This is illustratedin Figure2.

Theoptimaltargetmaynotpreciselysatisfydesiredphys-
ical or kinematicconstraints.However, given a descriptive
database,it canprovideagoodapproximationwhichcanbe
adjustedappropriatelyduringpostprocessing.

In practice,we limit theallowedamountof uniform time
stretchby a constantfactor sincethe distancemetric does
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Figure3: Agoodinterpretationmaynotaccountfor thecon-
tinuity of thetarget (middle).Our scoringfunctionstrikesa
balancebetweenthetwo (bottom).

notdistinguishbetweenmotionsof varyingspeed.A dancer
thatpusheshispartnerslowly, for instance,will elicit quitea
differentresponseif hepushesquickly. Limiting theamount
of stretchalsohasthepracticalbene�t of reducingthesearch
spaceof ourgeneralalgorithm,whichwewill now describe.

4.2. Multiple Segments

In general,we musthandlethecasewheretheoptimalcon-
trol and target consistof a sequenceof segments.We can
specify this sequenceanalogouslyto the single segment
caseby the numberof segmentsL� , the segment indices
s�
1; : : : ;s�

L, andthesegmentdurationsd�
1; : : : ;d�

L.

As in thesinglesegmentcase,thedistancemetricD eval-
uatesthe interpretationquality of eachsegmentin the se-
quence.However, thequalityof theinterpretationalonedoes
notaccountfor thecontinuityof thetargetmotion,asshown
in Figure3. To offset this problem,we introducea function
whichmeasuresthecontinuitybetweensegmentsv andw:

C(v;w) = kw(v) � a(w)k2: (4)

Here,a andw representthe headandtail functions,which
respectively extract the positionsof the �rst andlast frame
of a segment.Onecould alsousemoreframesto measure
higher-ordercontinuityif desired.

Given a sequence speci�cation L, s1; : : : ;sL, and
d1; : : : ;dL, we de�ne a scoring function that accountsfor
both the quality of interpretationand the continuity of the
target:

L

å
i= 1

D(xi ;adi
si

) + k
L� 1

å
i= 1

C
�

M ibdi
si

;M i+ 1bdi+ 1
si+ 1

�
: (5)

Here,xi is thesubinterval of theinput that is implied by the
segmentdurationsd1; : : : ;di . Thesein turn inducethetrans-
formationsM i � M(xi ;a

di
si ). The user-speci�ed constantk

de�nesthebalanceof interpretationandcontinuity.

The optimal substructurepropertyof the scorefunction,
asde�ned by thefollowing recurrence,canbeusedto �nd a
globallyoptimalsolutionusingdynamicprogramming:

Qs;d[t] = min
r;c

Qr;c[t � d]+ D(xd;t ;a
d
s) (6)

+ kC(M r;c;t� dbc
r ;Ms;d;tb

d
s)

Qs;d[d] = D(xd;d;ad
s): (7)

Here, xd;t representsthe subsequenceof input frames
startingat framet � d andendingat framet, which in turn
inducesthealignmentmatrixM s;d;t � M(xd;t ;ad

s). Qs;d[t] is
de�ned asthescoreof theoptimizationon thesubsequence
xt;t , giventhatthelastsegmentis indexedby sandstretched
to durationd. By minimizing Qs;d[T] over all s andd, we
cancomputethescoreof theoptimalsequencespeci�cation
andrecover it by backtracking.In thefollowing section,we
describethisprocessin moredetail.

4.3. Implementation

To solve therecurrenceef�ciently , valuesof Q arestoredin
a two-dimensionalarray. Cells in this arrayareindexed by
thetimet ononeaxisandby all legal combinationsof sand
d on the other (recall from Section4.1 that the amountof
allowed stretchis limited). First, all legal valuesof Qs;d[d]
areinitializedaccordingto thebasecasegivenin Equation7,
and all other array cells are set to in�nity . The algorithm
proceedsby iteratingforward throughtime. At eachtime t,
all non-in�nite cellsarelocatedandscoresareconditionally
propagatedforwardin timeaccordingto Equation6.

More speci�cally, supposethatwe arecurrentlyprocess-
ing thearraycell Qr;c[t]. For eachlegal combinationof sand
d, thecandidatevaluez is computed:

z= Qr;c[t] + D(xd;t+ d;ad
s) + kC(M r;c;tbc

r ;Ms;d;t+ dbd
s): (8)

If thevaluein thearraycell Qs;d[t + d] is greaterthanz, we
setit to z andstorea backpointerto cell Qr;c[t]. By continu-
ing this process,theentirearrayis �lled. Sincetheindexing
of eachcell encodesa segmentidenti�er andduration,the
optimalsequencespeci�cationcanberecoveredby follow-
ing backpointersfrom thebestscoreat timeT.

4.4. Ef�ciency

At eachtime t, O(P) nonin�nite cellsareprocessed,where
P is the numberof legal combinationsof s and d. Since
processingan individual cell is anO(P) operation,thetotal
asymptotictime complexity of thealgorithmis O(P2T). To
increaseits 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
thanmins;d Qs;d[t] + w, wherew is auser-speci�edconstant.
This techniqueis known asbeamsearch, andw is known as
thebeamwidth. This is motivatedby thefactthatcellswith
worsescoresareunlikely to beon theoptimalbacktracking
path,andthuscanbeprunedfrom thesearch.

Clustering. In Section3, we describedthe construction
of a motion databaseby storingall instancesderived from
the examples.Sincethe time complexity of the algorithm
scalesquadraticallywith thedatabasesize,this leadsto in-
ef�ciency when the numberof instancesis large. To re-
solve this issue,redundantinstancesare eliminatedusing
complete-linkageclustering[DHS00]. For this,thedistances
betweeninstancesis de�ned by Equation1. Theadvantage
of complete-linkageclusteringover othermethods(suchas
k-means)is thatit explicitly limits thedistanceof any two in-
stancesin aclusterbyauser-de�nedthreshold.After clusters
are formed,a representative instanceis chosenat random
from eachclusterto remainin thedatabase,andall otherin-
stancesarediscarded.An additionalbene�t of thisprocessis
thatit helpsbeamsearch;sinceclusteringreducesambiguity
in interpretation,a largerproportionof searchpathscanbe
pruned.

Downsampling. High samplingratesarecommonfor sys-
temssuchasmotion capture,but they aregenerallyunnec-
essaryfor interpretingthe input control motion. By down-
samplingmotionsby a user-chosenconstant,we caneffec-
tively reducethelengthof theinput sequence.However, the
resultingoptimal sequencespeci�cationwill alsobe at the
lowerframerate,andit is generallydesirableto haveit at the
framerateof theoriginal input.Simpleupsamplingoftenin-
troducesslight but undesirabletemporalerrors.To remedy
this, we run a highly constrainedversionof our dynamic
programmingalgorithmthat only adjuststhe durationsap-
propriately. Constraintscan be easily encodedby making
appropriatecells in theQ arrayillegal. For instance,we can
forcetheresultto containacertaintargetsegmentbs atsome
time t by disallowing any processingon cellsQr;c[u], where
r 6= sandu� c � t � u.

5. Postprocessing

As describedin Section4, the output of our optimization
is a speci�cation of an appropriatetarget motion in terms
of target segmentsin a database.Speci�cally, it provides
a sequenceof target segment indices s�

1; : : : ;sL and dura-
tions d�

1; : : : ;d�
L. The correspondingtarget segmentscanbe

copiedfrom thedatabase,stretched,transformedby the in-
ducedmatricesM �

1; : : : ;M �
L, andconcatenated.Theresultis

a moving point cloud that approximatesthe desiredresult.
Of course,the sameselections,stretches,and transforma-
tionscanjust aseasilybeappliedto thesourcemotionsthat
generatedthepoint cloud.

1 2 3

4 5 6

Figure 4: A handholdconstraint, indicatedby theline con-
nectingthecharacters, is propagatedfromannotatedexam-
plesto thisgeneratedmotion.In this two-beatsequence, the
leaderbeginsin anopencrosshandstanceandpulls thefol-
lower in (1,2).Thefollowerreleaseshandholdandperforms
an insideturn toward the leader(3,4).Nearingcompletion
of theturn, thefollower preparesto catch theleader's hand
and enter embrace (5), and handhold is reestablishedin
closedstance(6).

Fromtheperspective of motionsynthesis,themainprob-
lem with our approachis that the raw resultwill generally
containsomekinematicerrors.In our danceexample,foot-
plantandhandholdconstraintsareneverexplicitly enforced.
For such constraints,existing methodscan be applied to
postprocessthe data[KSG02], but suchmethodsoften re-
quire someamountof manualconstraintannotation.Like
similar motionclip rearrangementtechniques,we canprop-
agate constraintsby example.In other words,eachexam-
ple instancecan be annotatedwith constraintsthat can be
transferredto thetargetmotion.This is demonstratedby our
propagationof handholdconstraints,shown in Figure4.

We do not aim to introducenovel solutionsfor motion
blendingor constraintsatisfaction. Instead,our goal is to
providemotionthatis amenabletopostprocessingwith these
approaches.To demonstrateourmethod'scapabilitiesin this
regard,weshow thatit cangeneraterealisticandcompelling
motion,evenwith extremelysimplepostprocessing.Our re-
sults,shown in the following sectionand in our accompa-
nying video, are �ltered with a basicsmoothingoperation
that linearly adjustsmotioncurvesto 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 show the
full ability of our techniqueto discover complex mappings.
To betterdemonstratethis aspect,we apply our methodto
a partnerdancecalledLindy 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 motioncapturestudioandstandardcommercial
tools wereusedto estimatejoint positions[Vic03]. For the
pointcloudrepresentationof bodymotion,weusedonly the
positionsof thehandsandfeet,aswe foundthat theseend-
effectorsweresuf�cient to evaluateinterpretationandconti-
nuity in bothevaluations.To generatethemotion,weapplied
theresultingsequencespeci�cationto thesourcemotionand
usedbasicsmoothing.

All timings were performedon a workstationwith dual
2.4 Ghz Intel Xeon processors.Whereapplicable,we state
the clock times for the dynamic programmingalgorithm
(Section4.3), upsampling(Section4.4), andpostprocessing
(Section5). Thecontinuityconstant,de�ned in Section4.2,
andthestretchlimit werechosenexperimentally.

6.1. Walk

We acquired2 minutesof motion capturedwalk footageat
30 Hz. Thesubjectwasdirectedto walk within thecapture
areawith randomchangesin directionandspeed.We arti-
�cially constructeda synchronizedexamplecontrolmotion
by projectingthe positionsof the hip joints onto the �oor
andnormalizingtheirdistance.As statedpreviously, thetar-
getmotionswererepresentedby end-effectorpositions.

Thewalk footagewastranscribedmanuallyaccordingto
the gait cycle. More speci�cally, a segmentationpoint was
manuallyplacedat eachfootplant. From this process,we
created200 segments,which we reducedto 70 usingclus-
tering.In our tests,wedownsampledthesemotionsto 10Hz
andallowedeachsegmentto bestretched� 0:2 seconds.

Our �rst evaluation involved creating control motions
from new walk motionsthat were not in the database.As
before,we projectedthehip joints ontothegroundandnor-
malizedtheir distance.We ran our algorithmon thesecon-
trol motionsandcomparedour resultsto theoriginal source
motions.Experimentally, we foundthat largervaluesof the
continuityconstantweremoreeffective.

Forshortwalks,thegeneratedmotionwashighly realistic.
Thefrequency of thegeneratedgait cyclenearlymatchedthe
frequency of thesource,but phasediffered.In moreconcrete
terms,thegeneratedmotionmightchooseto starton theleft
foot, whereasthe original sourcemotion might starton the
right. This wasexpected,asthe control signalsdid not en-
codeany phaseinformation.For longerwalks,however, we
weresurprisedto discover that thegeneratedmotionsoften
kept in nearlyperfectphasewith thesource.Thereasonfor
this wasthat thesubjectpreferredto make sharpturnswith
the samefootwork pattern.Theseserved as synchronizing
signalswhichwerepropagatedthroughoutthegeneratedgait
cycledueto theglobaloptimization.

In our timing tests,we useda 57 secondcontrolmotion.
We�rst ranthealgorithmwithoutthebeamsearchoptimiza-

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

tion. The dynamicprogrammingalgorithm took 12.5 sec-
onds,upsamplingfrom 10 Hz to 30 Hz took 0.4 seconds,
andpostprocessingtook 1.1 seconds.With thebeamsearch
optimizationon, we wereable to reducethe clock time of
thealgorithmto 1.2seconds(47 secondsof input processed
per secondof clock time) while retainingvisually perfect
results.Theupsamplingandpostprocessingtimesremained
the same.We ran the algorithm on shorterand longer in-
putsandexperimentallycon�rmed theasymptoticlinearde-
pendency of runningtime on input length,describedin Sec-
tion 4.4.

In our secondevaluation,we built an interface that al-
lowed usersto draw pathsusingmouseinput, asshown in
Figure5. Thepositionof themousepointerwassampledat
30 Hz, andFrenetframeswereusedto generatea control
motion.For a wide variety of userinputs,our methodwas
capableof generatinghighly realisticwalkingmotion.Since
thetiming of thepathwasimportant,wefoundthatusersre-
quiredminor trainingto understandtheconceptof perform-
ing a pathinsteadof drawing it. It wasoften tempting,for
instance,to rapidly move themouseto draw a straightline.
Thiswouldcorrespondto aimpossiblyfastrun,well beyond
thecapabilitiesof a human.To resolve theseissues,our in-
terfaceallows a userto overlay the playbackof an existing
motionon thedrawing canvasto geta senseof speed.Fur-
thermore,it providesoptionsto smooththe trajectoryspa-
tially andtemporally. Thespeedof thealgorithmallows for
rapidfeedback.

6.2. Dance

Our choiceof partnerdanceasa demonstrationwasprimar-
ily motivatedby the complexity of its style andmappings.
From a small segmentedsetof exampleinstances,we gen-
eratea follower's motion to accompany a leader's motion.
Generatingpartnerdancemotion would be a dif�cult trial
for both physical methods,which would yield underdeter-
minedsystems,andstatisticalmethods,which would typi-
cally requireavery largedatabasein placeof oursmallseg-
mentedone.Swingdancealsoallows for a moreprincipled
evaluationof our resultsthan most typesof motion, since
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DatabasePatterns TestPatterns

1 �! �! � 1 �! � x � 8 � x �! �
2 �!� y � 2 �! � x � 9 � x � y �
3 �! �! � 3 �! � ! � 10 � x �!�
4 �! � x � 4 �! � y � 11 �! � y �
5 �! � y � 5 �! � x � 12 � x � x �
6 �! �! � 6 �! � !� 13 � x � x �
7 � x �! � 7 �!� y � 14 �! � !�

Table 1: A notational description of the dance patterns
storedin thedatabaseandthenovel testpatternsperformed
in our threetestdances.Our techniqueadaptsby rearrang-
ing the segmentsin the databaseto recreatethe patternsit
hasnotseenbefore.

the performanceof the algorithmat generatingvalid map-
pingscanbeevaluatedindependentlyof styleconsiderations
or subjective judgmentsof motionquality.

Lindy Hop is a subgenreof swing dancethat,at a basic
level, canbe describedasa statemachine.A dancecouple
movesbetweenfour basicstances:open(� ), closed(� ), open
crosshand(� ), andclosedcrosshand(� ). Openandclosedre-
fer to whetherthecoupleis apartor in embrace,respectively.
Crosshandrefersto the casewhenthe leaderand follower
hold right hands(wecouldalsoreferto it asahandshake).

Basic Lindy Hop motions switch betweenthese four
stancesby meansof transitions:an inside turn (x ), when
the follower spinstowardsthe leader, an outsideturn (y ),
whenthefollower spinsaway from theleader, anda simple
step(! ). At theendof eachtransition,thedancersmayalso
changetheir handholdto instantlytransitionbetweencross-
handstates(� , � ) andnon-crosshandstates(� , � ). Figure4
shows a coupletransitioningfrom opencrosshandstanceto
closedstanceusinganoutsideturn:� y � . Eachof thesetran-
sitionsoccursover four beatsof music,whichareassembled
from two-beatsegments;this was our motivation for per-
forming two-beatsegmentation,asdescribedin Section3.
Figure4 shows only thelast two beatsof a four-beattransi-
tion thatstartswith a two-beatrockingmotion.

SkilledLindy Hopdancersuseagreatervarietyof moves,
rangingfrom morecomplex transitionssuchasdoubleout-
side turns to complex aerial maneuvers. We did not in-
cludetheentirerangeof motions.Instead,we constructeda
smallerdatabasewith sevenbasic8-beatdancepatternsthat
every Lindy Hop dancerknows (shown in the �rst column
of Table1). We constructedthemotiondatabasefrom a set
of 12 shortdances,eachcontainingthe seven basic8-beat
patterns,giving atotalof 5 minutesof motion.Thesedances
weresegmentedinto 364two-beatmappinginstances,with
lengthsvaryingfrom approximately0.6secondsto 1 second
dueto differentmusic.

For our evaluations,we capturedthreelongertestdances
(approximately2-3minuteseach)in whichthedancerswere

instructedto improvise with the transitionsandstancesin-
cludedin the database.Their improvisationsled to dances
which includedthirteennew 8-beatpatternsnot foundin the
database(shown in the last columnof Table 1) as well as
somerepeatsof patternsin the database.Thesetestdances
spanneda temporangefrom about120beatsperminuteto
about190beatsperminute.Weusedthemotionof theleader
to control a syntheticfollower, which was then compared
with theactualfollower.

Visually, theresultsexhibitedthe�uidity , grace,andstyle
of the original dancer. Somefootskateandhandholdviola-
tionsarevisiblebecausewewantedto show theoutputin its
almostraw form, with smoothingappliedonly for visualco-
herence.In adirectcomparisonwith theactualfollowermo-
tions,wefoundthatthesyntheticfollowermatchedverywell
in closedstances.In openstances,the follower was much
freerto includestylisticvariations,sothegeneratedmotions
often differed visually from the actualmotions.Addition-
ally, the synthesizeddancersalmostalwayskept in perfect
rhythmwith theleader.

Our algorithmably recreatedthe semanticsof the leader
to followermapping,evenfor novel patterns.Whenthealgo-
rithm encounteredapatternthatwasnot in thedatabase(one
of 14suchpatternsshown in Table1), it wasableto correctly
reconstructthenovel sequenceby rearrangingthe two-beat
segments.Of the 91 patterns(21 unique)in our threetest
dances,the syntheticdancermatchedthe patternof the ac-
tual dancerin all but 5 cases,oneof which is shown in Fig-
ure 6. When the algorithm did differ from the real dancer
in the compositionof the pattern,the leaderand follower
still executeda valid Lindy Hop pattern.In thesemisinter-
pretedinstances,the leader's motion is quite similar across
two different follower patterns.To disambiguatethese,we
might addinformationto the control signal,suchasforce-
plate readings,or we might accepttheserare mismatches
becausethey arein fact valid mappings.Furthermore,all 5
mismatchedpatternsdifferedby a singletwo-beatsegment,
so,of 91� 4 = 364two-beatsegmentsin thetestdances,the
algorithmmisinterpretedthe signal in 5 casesfor an error
rateof lessthan2%.

For all our evaluationsandtiming tests,we reducedthe
sizeof thedatabasefrom 364to 168with clustering,down-
sampledto 7.5 Hz, andalloweda segmentstretchof � 0:15
seconds.We cite our ef�ciency �gures for generating,from
leadermotion only, a particular150 seconddancemotion.
Without beamsearch,thedynamicprogrammingalgorithm
ran for 78 seconds,2 secondswere spenton upsampling,
and 26 secondswere spenton postprocessing.With beam
searchenabledwith modestparameters,we were able to
drivetheruntimeof thedynamicprogrammingto 10seconds
while maintainingexcellentvisualandsemanticresults.As
with our walk motionevaluation,we foundthatclock times
scaledlinearlywith thelengthof theinput.
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Figure6: Onthetop,a clip of anactualdanceis displayed.Here, theleaderperformsa regular handholdchangeduringa step
transition.Thistransitionneveroccurs in our motiondatabase. In responseto thesamemotioncue, our algorithmgeneratesa
leapingoutsideturn, asshowon thebottom.This is oneof �ve two-beatsegments(out of 380two-beatsegmentsin our three
testdances),where thealgorithmdiffers in its selectionof responsefroman experienceddancefollower. In other instancesof
this regular handholdchange during a steptransitionin the testdata, thealgorithmcorrectlysequencesmotionsto discover
thisnovel vocabulary element.

7. Conclusion

Wehavepresentedamethodfor example-basedperformance
controlof humanmotion.Our dynamicprogrammingalgo-
rithm usessegmentsof motionalongwith anobjective func-
tion thataccountsfor both thequality of control interpreta-
tion andthe continuity of the target motion to generatevi-
sually andsemanticallycorrectmotions.The semanticac-
curacy of thegeneratedmotionwasevaluatedin thesetting
of partnerdance,wherethe follower's motion is generated
from the leader's motion. The algorithmgeneratedseman-
tically correctpartnermotion even from test sequencesof
leadermotionsthatdid notappearin thetrainingset.

Our dynamicprogrammingalgorithmperformsa global
optimization,which precludesthe local decisionsthat are
requiredfor online applications.However, we demonstrate
in our evaluationsthat it can computeresultssigni�cantly
fasterthan input motion can be recorded,thus making it
suitablefor rapid-feedbackmotion authoringapplications.
We believe that segmentalapproacheslike ourshold great
promise for real-time performance-driven animation,and
considerit apromisingareaof futureresearch.

To preserve spatialdependenciesin mappings,we apply
rigid transformationsto optimally align control segments
with input control motions.Target segmentsinherit these
transformations.This approachis effective for our applica-
tions or whenever the control signal indicatesappropriate
spatialandtemporalcues.It is alsopossibleto selectother
transformationsfor applicationsoutsidethe domainof hu-
manmotioncontrol.For instance,allowing arbitraryhomo-
geneoustransformationsin two dimensionsmight form an
alternative segmentalsolution to the curve analogiesprob-

lem [HOCS02]. Eliminating transformationsentirelymight
alsobeappropriatefor applicationssuchassynthesisof fa-
cial motionfrom speechsignals[Bra99].

We have shown that our segmentsimilarity metric is ef-
fective for our experiments.However, we acknowledgethe
factthatothermetricsmaybemoreappropriatefor different
typesof motion andbelieve that it is a promisingdirection
for futureresearch.

In the processof generatingtarget motion, our dynamic
programmingalgorithmperformsasemanticallyguidedseg-
mentationof the input control motion. The entireprocess,
however, reliesontheavailability of semanticallysegmented
examples.For our evaluations,we wereableto performthis
segmentationmanuallyby tappinga key in responseto the
rhythm of musicor the gait patternof a walk cycle. While
speci�c methodsexist to automatethis segmentationfor the
casesof danceandwalk,amoregeneralmethodis desirable.
For this,wecouldbegin with a few manuallysegmentedex-
amplesandgrow the setof exampleinstancesby iterative
applicationof our algorithm.This approachwould besimi-
lar in spirit to thesemiautomaticSVM-basedannotationap-
proachof Arikan etal. [AFO03].

The annotationpropagation we describeabove suggests
thatour methodcouldbeusedfor interpretationratherthan
control.Parallelingourautomaticannotationof handholds,it
is possibleto annotateany new controlmotiongivenasetof
labeledexampleinstances.This couldbeusedto transcribe
the motion into a symbolicrepresentation,suchasthe one
usedin this paper, or even Labannotation[Hut73]. Sucha
representationcould thenbeanalyzedor summarizedusing
naturallanguageprocessingtechniques.
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