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Figure1: Examplesfrom our testsetof motions. The left two imagesare natural(motion capturedata). The two imagesto the right are
unnatural(badly editedandincompletelycleanedmotion). Jointsthatare marked in red-yellov weredetectedashaving unnaturalmotion.
Framedor theseimageswereselectedy the methodpresentedh [Assaetal. 2005].

Abstract

In this paperwe investicgatewhetheiit is possibleto developamea-
surethatquanti esthe naturalnessf humanmotion (asde ned by
alarge database)Sucha measuramight prove usefulin verifying
that a motion editing operationhad not destrged the naturalness
of a motion captureclip or that a syntheticmotion transitionwas
within thespaceof thoseseenn naturalhumanmotion. We explore
the performanceof mixture of GaussiangMoG), hiddenMarkov
models(HMM), andswitchinglineardynamicsystemgSLDS)on
this problem. We useeachof thesestatisticalmodelsaloneandas
partof an ensembleof smallerstatisticalmodels. We alsoimple-
mentaNaive Bayes(NB) modelfor abaselinecomparisonWetest
thesetechniqueon motion capturedataheld out from a database,
keyframedmoations,editedmotions,motionswith noiseaddedand
syntheticmotiontransitions.We presentheresultsasrecever op-
eratingcharacteristi¢ROC) curvesandcomparethe resultsto the
judgmentanadeby subjectsn a userstudy
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1 Intro duction

Motion captureis anincreasinglypopularapproactfor synthesiz-
ing humanmotion. Much of the focus of researchin this area
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hasbeenon techniquedor adaptingcaptureddatato new situa-
tions. Motion capturedatacan be reorderedn time[Arikan and
Forsyth2002; Kovar et al. 2002; Lee et al. 2002], similar motions
canbe interpolatedWiley andHahn1997; Roseet al. 1998; Ko-

var andGleicher2004], motion canbe edited Gleicher2001],and
new motionscanbe generatedy combiningmotionsfor individ-

ual limbs[lkemotoand Forsyth 2004]. Models of humanmotion

canalsobe usedto synthesizenew motion[Brand andHertzmann
2000;Li etal. 2002]. Eachof thesetechniquegproposesheuristics
or modelsthat attemptto restrictthe output of the algorithmsto

natural-lookingmotion,but no singlenaturalnesseasurexiststo

assesshe quality of the output. In this paper we explore whether
it is possibleto provide suchameasure.

How canwe quantifywhatit meansfor a sequenc®f humanmo-
tion to appeanatural?Oneapproachs to proposea setof heuristic
rules that govern the movementof variousjoints. If a given se-
quenceviolatesary of the rules, it is judgedto be unnatural. For
example,a charactes motion could be testedfor angularmomen-
tum conserationin ight or violation of thefriction conewhenthe
foot is in contact. This bottom-upapproachwill likely have dif -
culty with the morestylistic elementof humanmotion, because
motioncanbe physically correctwithout appearinghatural.

A secondapproachis to develop a setof perceptuaimetricsthat
provide guidelinesfor the aws that people are likely to no-
tice[Reitsmaand Pollard 2003; O'Sullivan et al. 2003; Harrison
et al. 2004; Pollick et al. 2003]. For example, Reitsmaand Pol-
lard measuredhe sensitvity of usersto changesn horizontaland
vertical velocity. Takentogether suchstudiescould provide a set
of guidelinesto assessvhethera givenmotionwill bepercevedas
natural.

A third approachs to train a classi er to distinguishbetweematu-
ral andunnaturaimovementbasedn human-labeledyround-truth
data[lkemotoand Forsyth 2004; Wang and Bodenheimer2003].
For example, Wang and Bodenheimerusedan optimization ap-
proachto nd weightsfor atransitionmetricthatbestmatchedhe
judgmentsof sequencedy users. Here we presentan alternatve
take on this approach.We assumehatthe learningalgorithmwiill

be trainedonly on positive (natural)examplesof the motion. We
male this assumptiorbecaus@aturalmotionsarereadilyavailable
from commerciamotioncapturesystemsNegative (unnatural)ex-

amplespntheotherhand,areprecioushecauseachmustbe hand
labeledby a person.As aconsequencef this scarcity the negative



exampleghatwould berequiredfor trainingdo notexist. A further
concernis that the characteristicof thesenegative examplesare
likely to be speci ¢ to the adaptatiormethodthat generatedhem
and not representatie of unnaturalmotionsin general. We will
demonstrateéhat using our approacha variety of motionscanbe
assessedsingmodelsthat have beentrainedon a large corpusof
positive examples(Figurel).

Our approactto this problemis basedon the assumptiorthat the
evaluationof naturalnesss not intrinsically a subjectve criterion
imposedby the humanobserer but is, instead,an objectve mea-
sureimposedby the dataasa whole. Simply put, motionsthatwe
have seerrepeatedlyarejudgednatural, whereasnotionsthathap-
penvery rarelyarenot. Humansaregoodat this type of evaluation
becausehey have seena lot of data Theamountof collectedmo-
tion capturedatahasgrown rapidly over the pastfew yearsandwe
believe thatthereis now anopportunityfor acomputerto analyzea
lot of data,resultingin a successfuimethodfor evaluatingnatural-
ness.

The contrikutions of this paperare threefold. First, we posethe

questionof whetherit is possibleto quantify naturalhumanmotion

independenof ary speci c adaptatiortask. Secondwe hierarchi-

cally decomposumanmotionintoits constituenparts(individual

joints, limbs,andfull body)andbuild astatisticamodelof eachone

usingexistingmachindearningtechniquesWethencombinethese
modelsinto an ensemblenodelfor classi cationof the motionas

naturalor unnatural. We presentROC cures of the performance
of thesetechniqueson a broadsetof testsequenceand compare
the resultsto humanperformancen a userstudy And nally, we

contribute a substantiablatabasef humanmotionandatestingset

that will enableothersto apply their algorithmsto this problem.

Both training andtestingdatasetsre freely available on the web:

http://graphics.cs.cmu.edu/projects/natural/.

2 Related Work

To ourknowledgethereis little work in computemanimationthatdi-
rectly exploresthe questionof quantifyingnaturalhumanmotion;
however, mary algorithmsfor synthesizingandeditinghumanmo-
tion have beendesignedwith the goal of restrictingtheir outputto
naturalhumanmotion. We brie y review thatwork andthendis-
cussrelatedproblemsin otherdisciplines.

Oneearlytechniquefor amplifying the skills of the naive animator
wasPerlin'swork usingmodulatedsinewavesandstochastigioise
to createlifelik e animatior{Perlin 1995]. We teston both positive
andnegative sequencethataresimilar in thatsinusoidanoisehas
beenaddedo motioncapturedata.

Many motion editing techniqueshave beenproposedgachwith a
setof optimizationcriteriaintendedo ensurghattheresultingmo-
tionis natural(see for example[Gleicher2001;Sulejmanpasiand
Popwic 2005]). Someof thesetechniqgueshave beenadaptednto
commercialsoftware,andwe useMayato performeditingon mo-
tion capturedatato generateartof our negative testset.

Motion graphscreatenev animationsby resequencingiecesof
motion capturedata. The naturalnes®f the resultingmotion de-
pendslargely on the quality of the motion transitions. Several al-
gorithmshave beenproposedor creatingnaturaltransitiongLee
etal. 2002; Kovar et al. 2002; Arikan and Forsyth2002]. We use
syntheticmotion transitions both goodandbad,aspart of the test
setin our experiments.

Wang and Bodenheimej2003] used optimization to tune the
weightsof a transitionmetric basedon exampletransitionsclas-

si ed by a humanviewer asgoodor bad. They madeseveral as-
sumptiongo make theoptimizationprocesgractable For example,
they did notconsidetow changesn theblendingalgorithmwould
affect the naturalnesgor a given distancemetric. They alsostud-
ied the optimal durationfor a transitiongiven a previously learned
distancemeasurgWangandBodenheime004].

Limb transplanis oneway to generalizéhe motionin anavailable
database lkemotoand Forsyth[2004] usedan SVM to classifya
synthesizednotion as “looks human”or “does not look human.
Their approachwas quite effective for this problem,but it is a su-
pervisedearningapproachandthereforerequiresarelatively large
numberof positive andnegative training examplesspeci ¢ to limb
transplant.In contrast,our goalis to useunsupervisedearningto
constructa measurehat canbe trainedonly on positive examples
andthatworksfor motion producedby a variety of motion editing
algorithms.

Thequestionof how to quantifyhumanmotionis alsorelatedto re-
searchthathasbeenperformedn a numberof other elds. For ex-
ample,researchersiterestedn spealer identi cation have looked
at the problemof decidingwhethera particularspealer produced
a segmentbasedon a corpusof datafor that spealer andfor oth-
ers[Cole 1996]. Classifyingnaturalvs. unnaturaimagesfor fraud
detectionis similarly relatedto our problem[Farid andLyu 2003].

Closerto our problemis the work of Troje[2002] who wasinter-

estedin identifying featuresof a humanwalk that canbe usedto

label it asmale or female. He reducedthe dimensionalityof the
datasetswe do, with PCA, andthen t sinusoidgo the resulting
components.This approachis speci ¢ to a cyclic motion suchas
walking andwould not easilygeneralizeo our very large, hetero-
geneougiatabaseHowever, the performanceof his classi er was
betterthanthat of humansubjectson a point light visualizationof

thewalking motion.

Researchera/orking in actiity recognitionhave looked at detec-
tion of unusuakctiities, whichis similar to our problemin thatan
adequataegative training setwould bedif cult to collect. As are-
sult, mostapproachesave focusedon unsupervisedearning. For
example, Zhong and his colleague$2004] usedan unsupervised
learningapproacho detectunusuahbctiity in videostreamsf hu-
manmotion. Haraandhis colleague$2002] took motion detector
dataacquiredfrom an intelligent house performedvector quanti-
zation,and estimatedhe probability of a sequenc®f sensomata
with a HMM. Hamid andhis colleague$2005] usedclusteringof
eventn-gramgo identify andexplain anomalousctiities.

3 Data

We explore the performanceof threeclasseof statisticalmachine
learningtechniquesvhentrainedon alargedatabasef motioncap-
ture dataandtestedon sequencesf unnaturaland naturalmotion
from a numberof differentsources.Becausehe validity of these
resultsdependseaily onthetrainingandtestingdatasetsye rst
describethosedatasetsaind then explain the statisticaltechniques
andshaw their performance.

3.1 Training Database

The training databaseonsistedof 1289trials (422,413framesor
about4 hours)andincludedmotionsfrom 34 differentsubjectper
forming a variety of behaiors. Thosebehaiors includedlocomo-
tion (42%: 5% jumping, 3% running,and 33% walking), physical
actiities (16%: basletball, boxing, dance exercise,golf, martial



arts), interactingwith the ervironment(7%: roughterrain, play-
ground equipment),two subjectsinteracting(6%), and common
scenario29%: cleaningwaiting, gestures).

The motion was originally capturedwith a Vicon motion capture
systemof 12 MX-40 cameragVicon Motion Systems2005]. The
motionwascapturedat 120Hzandthendowvnsampledo 30Hz. The
subjectswore 41 markers,the 3D positionsof which werelocated
by the cameras.Using an automaticallyobtainedskeletonfor the
user the motion was further processedo the ASF/AMC format,

which includesabsoluteroot positionandorientation,andthe rel-

ative joint anglesof 18 joints. Thesejoints are the head,thorax,
upperneck,lower neck,upperback,lower back,andleft andright

humerusradius,wrist, femur, tibia, andmetatarsal.

For theexperimentseportedhere we corvertedeachframeof raw
motion datato a high-dimensionafeaturevectorof anglesandve-
locities. For theroot segment,we computetheangularvelocity and
the linear velocity (in the root coordinatesystemof eachframe).
For eachjoint, we computethe angularvelocity. The velocities
arecomputedasa centraldifferencebetweerthejoint angleor the
position on the previous frame and on the next frame. As are-
sult, both joint anglesand their velocities can be representedy
unit quaterniongfour componentgach).Thecompletesetof joint
anglesandvelocities, togethemwith theroot's linearvelocity (three
componentsand angularvelocity (qQuaternion four components),
form a 151-dimensiondleaturevectorfor eachframe. Thequater
nionsaretransformedo be on one-halfof the 4D sphereo handle
the duplicaterepresentationf quaternions.If the orientationof a
joint crossedo theotherhalf-spherewe choosehealternatve rep-
resentatiorfor that quaternionand divide the motion sequenceat
the boundaryto createtwo continuoussequencesk-ortunatelythis
problemoccursrelatively rarely in naturalhumanmotion because
of humanjoint limits.

3.2 Testing Motions

We generatedh numberof differenttestsetsin an effort to span
the spaceof naturalandunnaturaimotionsthatmight be generated
by algorithmsfor producinghumanmotion. Unlike our training

data,the testingsuite containsboth positive (natural)andnegative

(unnaturalexamples.

The negative testing sequencesvere obtainedfrom a numberof
sources:

Edited motions. Alias/Wavefront's Maya animationsystem
wasusedo editmotioncapturesequence® producenegative
trainingexamples.Theeditingwasperformedneitherajoint
or alimb usinginversekinematics.

Keyframed motions. These motions were keyframed by
an animatorwith signi cant Maya experiencebut limited
keyframingexperience.

Noise.Noisehasbeenusedto generatdnumanmotion[Perlin
1995] and to improve the quality of capturedmotion by
addingvariation.We generatéoth positive andnegative test-
ing examplesby varyingtheamountof noiseandrelyingona
humanobserer to assesshe naturalnessf themotion.

Moation transitions. Thesemotionswere computedusing a
commonlyacceptednetric for transitions(maintaincontact
constraintsaandkeepthe sumof the squarecchangesn joint
angleshelon athreshold).Transitionsabove a high threshold
andbelow alow thresholdwerethenclassi edasgoodor bad
by ahumanviewer.

Insufciently cleanedmotion capturedata. In the processof
cleaning, motion capturedatais transformedfrom the 3D
marker locationsto relative joint anglesusing a model of
the subjects skeleton. For mostmarker sets,this procesds
accomplishedhroughthe useof inversekinematics. If the
markershave notbeenplacedcarefullyor thekinematicchain
is neara singularity this processmayresultin unnaturaimo-
tion (for example kneesthatdo not fully extendor swingout
to thesideif signi cantly bent).

Theneggative, or unnaturaltestingsetconsistedf 170trials (27774
framesor 15 minutes).

The positive testsconsistedorimarily of motion capturedatathat
was held out from the database.Additional positive testingdata
were createdby adding noise to thesemotions and by generat-
ing motion transitionsthat were judgedgoodby an experthuman
viewer. The naturalmotionsconsistecf 261 trials (92377frames
or 51 minutes).

4 Approach

Theinput datafor our models,motion capturedata,is a multivari-
ate time seriesconsistingof vectorsof features(joint anglesand
velocities) sampledat discretetime instants. From this perspec-
tive, a modelfor naturalmotion mustcaptureprobabilisticdepen-
denciesbetweenfeaturesacrosstime. We constructthis modelin
threesteps.First, we selecta statisticalmodelto describethe vari-
ationin thedataovertime. We investigatethreerelatively standard
techniquesmixturesof GaussiangMoG), hiddenMarkov models
(HMM) andswitchinglineardynamicsystemgSLDS).Associated
with eachmodelis asetof modelparameterandalik elihoodfunc-
tion that measureghe probability that an input motion sequence
couldbegeneratedy themodel.Secondwe t themodelparame-
tersusingacorpusof naturalhumanmotionastrainingdata. Third,
given a novel input motion sequencewe computea scorewhich
canbeinterpretecasa measuref naturalness.

By thresholdinghe naturalnesscorewe obtaina classi er for nat-
uralmotion. Therearetwo typesof classi cationerrors:falsepos-
itives(the classi er predictsnaturalwhenthe motionis unnatural)
andfalsenegatives (the oppositecase). By varying the threshold
we cantrade-of thesetwo typesof errors. The ROC curvefor a
classi er summarizests performanceasa function of the thresh-
old settinglVan Trees1968] (seeFigures3 and 4 for examples).
Eachthresholdchoice corresponddo an operatingpoint on the
ROC curve. By comparingthe areaunderthe ROC curwe, we can
measurehe relative performanceof a setof classi erswithout the
needto choosea particularthreshold.In practicethe choiceof op-
eratingpoint on the ROC curve will be dictatedby the application
requirementandwill be assessedsinga setof positive andnega-
tive examplesthatwerenot usedfor training.

We could constructa single statisticalmodel of naturalnessising
the full 151-dimensionainput featurevectorfrom Section3.1 for

training. However, learningan accuratemodel for sucha high-

dimensionafeaturevectoris dif cult, evenwith a(relatively) large
amountof training data. Therefore,we proposeto hierarchically
decompos¢hefull body motioninto its constituenpartsandtrain

anensemblef statisticalmodels,eachresponsibldor modelinga

particularpart: joints, limbs, or the whole body. Given aninput

sequencethesesmallermodelswould producea setof likelihood
scoresandanensembleule would beusedto combinethesescores
into asinglenaturalnesmeasureTheensembl@pproacthasthree
potentialadvantagesver creatingasinglemodelbasednthecom-

pletefeaturevector:
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Figure2: Thethreehierarchicalgroupsof features.(a) At thelow-
estlevel eachjoint andits velocity form a featuregroup. Each
featuregroupis illustratedasa greencircle. The white circle rep-
resentghe groupof featuredrom theroot segment(linearvelocity
andangularvelocity). (b) The next level consistsof setsof joints
groupedaslimbs. (c) At the highestlevel, all the joints arecom-
binedinto onefeaturegroup(without velocity information).

Onepotentialproblemin learningthe parametersf statistical
modelsis over tting, which occurswhena modelhasexces-
sive capacityrelative to theamountof availabletrainingdata.
Whenover tting occursthetrainedmodelsdo notgeneralize
well during testingbecausehey areexcessiely tunedto the
training dataset. The ensembleapproachgivesus e xibility
in controllingthe capacityof theindividual modelsto prevent
over tting. In particularit allows usto control the degreeof
couplingbetweerfeaturesn themodel.

In somemotion sequenceghe patternsof unnaturalmotion
may be con ned to a small setof joint angles. Thesecases
canbe dif cult to detectwith a single statisticalmodel, be-
causethe small setof featureswith unnaturaimotionwill be
swampedby the majority of the featureswhich areexhibiting
naturalmotion. The ensembleapproachavoids this problem
becaus®ur methodof combiningthe statisticalmodelslooks
for an unnaturalclassi cation by any of the models,not an
averageclassi cationof unnaturalness.

The ensembleapproachmalkesit possibleto examinesmall
groupsof joints andidentify the onesmoststrongly associ-
atedwith the unnaturamotion. This propertyshouldmalke it
possibleto provide guidanceto the animatoraboutwhatele-
mentsof themotiondesere the mostattention.

We designedgroupsof featuresto capturedependenciebetween
joints at different scales. Each group of featuresforms a fea-
ture vector that is associatedvith a single modelin the ensem-
ble. Speci cally, given the input 151-dimensionafeaturevector
describedn Section3.1,we de ne a setof 26 smallerfeaturevec-
tors by combiningjoint anglesandjoint velocitiesinto groupsof
features( gure 2). At the lowestlevel, we createan 8-D feature
vectorfrom eachof the 18 basicjoints (angleandvelocity). An-
otherfeaturevectoris createdor the linearandthe angularveloc-
ity of theroot sggment(sevenfeatures).To representhe aggregate
motion of partsof the body, we assigna featurevectorto eachof
thelimbs: two arms(eachthreejoints; 24 features)iwo legs (each
threejoints; 24 features) the head-neclgroup (head,upperneck,
lower neck; 24 features)and the torso/rootgroup (thorax, upper
back,lower back, plus root; 31 features).Finally, at thetop level,
we de ne a featurevector representinghe full body pose(rota-
tion anglesfor all 18 joints but no velocities; 72 features). For
themodelscreatedusingHMM andSLDS, thefeaturevectorsthat
compriseeachof thesefeaturegroupsare rst processeavith PCA

(99% variancekept for the full-body model, 99.9%variancekept
for thesmallermodels)to reducethe dimensionality

Given an ensembleof models,we generatea naturalnessneasure
for amotionsequenc® of lengthT by rst computinga scores;
for eachmodel,wherethe modelhasparametersj;:

- '00P(0; a)
T

Thescoredor eachmodelwill generallynot bein the samerange.
Thereforewe mustnormalizethe scoresbeforethey canbe com-
bined.For eachmodel,we computethe meanm andstandardievi-
ations; of thescoredor thetrainingdata(aftereliminatinga small
percentagef the high andlow scoresto reducethe effect of out-
liers). The nal scorefor sequenc® is thencomputedasfollows:

S= min S M =1,2:::,26
i Sj

We choosehe minimum (worst)normalizedscorefrom amongthe
s becausave assumehat the entire motion shouldbe labeledas
unnaturalf ary of its constituenfeaturegroupshave badscores.

We now describethe three statisticalmodelsusedin our experi-
ments,aswell asa baselineanethodanda userstudyusedfor vali-
datingourresults.

4.1 Mixture of Gaussians

We rst experimentedwith a mixture of GaussiangMoG) model
becausef its simplicity. The probability densityof eachfeature
vectorwasestimatedisingamixture of 500 Gaussianseachwith a
sphericalcovariance. In this rudimentaryrepresentationthe dy-
namicsof humanmotion are only encodedthroughthe velocity
component®f thefeaturevector As theresult,this modelis quite
weakat modelingthe dynamicsof humanmovement.

4.2 Hidden Markov Mo dels

Next, we experimentedvith a hiddenMarkov model(HMM) [Ra-
biner and Juang1993], becauseit explicitly encodesdynamics
(changeover time) andhasbeenshawvn to work extremelywell in
othertime-seriesdomainssuchasspeectrecognition.ln aHMM,
the distribution of the body poses(and velocities)is represented
with a mixture of Gaussians.In general,eachhiddenstatein a
HMM indexesa particularmixturedensity andtransitionsbetween
hiddenstatessncodehedynamicsof thedata.Givenpositive train-
ing examplestheparametersf theHMM canbelearnedusingthe
Expectation-MaximizatiofEM) algorithm. The parametergon-
sist of the probabilitiesin a statetransitionmatrix for the hidden
state,aninitial statedistribution, and mixture densityparameters.
In the generakasethis setof parameterincludesmixtureweights
for eachhiddenstateandthemeanvectorsandcovariancematrices
of the Gaussians.

For the full body HMM, we useda modelwith 180 hiddenstates.
For theotherfeaturegroupscomprisingthe ensemblef HMM, we

usedonly 60 hiddenstateshecausehe featurevectorswere much
smaller Eachhiddenstatein the HMM wasmodeledasa single
Gaussiamwith a diagonalcovariancematrix.



4.3 Switching Linear Dynamic Systems

A switchinglinear dynamicsystem(SLDS) modelcanbe viewed
asageneralizatiorof aHMM in which eachswitchingstateis as-
sociatedwith a linear dynamicsystem(LDS) insteadof a Gaus-
siandistribution over the outputspace[Pavlovi¢ et al. 2000]. In a
HMM, eachswitchingstatede nesa“region” in the outputspace
(e.g, posesandvelocities), wherethe meanvector determineghe
locationof theregion andthe covariancematrix determinests ex-
tent.In contrasteachLDS componenin anSLDSmodelde nesa
family of trajectoriewith lineardynamics We usedasecond-order
auto-rgressie (AR) modelin our experiments.In this model,tra-
jectoriesbeagin at aninitial statethatis describedby a mixture of
GaussiansAs thetrajectoryevolves,the stateof themotionattime
t is describedby a linear combinationof the statevaluesat times
t landt 2andtheadditionof Gaussiamoise.By switchingbe-
tweentheseL DS componentsthe SLDS canmodela systemwith
nonlinear non-Gaussiamlynamicsusing a setof simple building
blocks. Note that our applicationof SLDS doesnot requirea sep-
aratemeasurementrocessphecauseve modelthe motion directly
in thefeaturespace.

Closelyrelatedto our SLDS modelis the motiontexture model[Li
etal. 2002]. The primary differenceis thatthe motiontexture ap-
proachcon neseachLDS elemento a “texton” thatis constrained
to begin andendat speci ¢ keyframes whereasve adoptthe clas-
sical SLDSframewnork wheretransitionsbetweerL DS modelscan
occurat eachtime step.

As in the HMM case,the SLDS model parametersre estimated
using the EM algorithm. However, a key differenceis that ex-
actinferencein hybrid dynamicmodelslike SLDS is generallyin-
tractable[Lerner 2002]. We emplagyed an approximateViterbi in-
ferencealgorithmwhich computesanapproximatiorto the highest
probability switchingsequencgPavlovi¢ etal. 2000].

Givenanew motionsequenceye computeascorethatcorresponds
to thelog lik elihoodof thedataunderthe SLDS model. This score
is the sumof thelog likelihoodsfor eachframeof data. Perframe
scoreglependnthecostof switchingbetweermodelsandthesize
of theone-step-aheaetrorbetweerthe models predictionandthe
actualfeaturevector

For the full body SLDS, we usedan SLDS modelwith 50 switch-
ing statesFor theothergroupsof featuresomprisingtheensemble
model,we used5 switchingstateseach.We useddiagonalcovari-
ancematricesfor the noiseprocess.

4.4 Naive Bayes (Baseline Metho d)

To establisha baselinefor the other experiments,we alsoimple-

menteda simple maminal histogramprobability density estima-
tor basedon the Naive Bayes(NB) model. Assumingindepen-
dencebetweerthecomponentsf our 151-dimensiondeaturevec-

tor (whichis clearlywrong),we computedLD maiginal histograms
for eachfeatureover the entiretraining database Eachhistogram
had300buckets. Giventhis model,we estimatedhescoreof anew

testingsequencey summingoverthelog likelihoodsof eachof the

151 featuresfor eachframe andthennormalizingthe sum by the

lengthof the motion sequenceNotethatthis methodcapturesei-

therthe dependenciebetweerdifferentfeatureqeventhosecom-

prisingasinglejoint angle) northetemporakdependenciesetween
featuresat differentframes(althoughvelocitiesdo provide some
measuref dynamics).As expectedthis methoddoesnot perform

particularly well, but we includedit as a baselinewith which to

comparetheother morecomplicatecapproaches.

Naive Bayes (0.75)
MoG (0.78)
Ensemble of MoG (0.88)
HMM (0.78)
Ensemble of HMM (0.91)
——— SLDS (0.87)

Ensemble of SLDS (0.90)
++ - Human (0.97)

True Positive Rate

02’

0.1;

O' L L L L J
0 0.2 0.4 0.6 0.8 1

False Positive Rate

Figure3: The ROC curwesfor eachstatisticalmodel andfor the
humansubjectsn our userstudy The circle on eachcurve repre-
sentgheequalerrorrate. Theareaunderthe ROC curweis givenin
parentheses.

4.5 User Study

To evaluateour results,we performeda userstudy approed by
Institutional Review Board (IRB) of Carngie Mellon University.
Twenty-ninemale subjectsand twenty- ve female subjectswith
differentbackgroundsindraceswere obtainedby university-wide
adwertising.

We randomly selectedand rendered118 motion sequence$rom

ourtestingset(approximatelyhalf from the positive testingsetand
half from the negative testingset). We shavedtherenderediideos
to subjectsin two sggmentswith a 10 minute breakbetweenthe
seggments. Eachsementcontainedhalf the sequenceé a ran-
domorderandtheorderingof the presentatiomf thetwo sgments
wasrandomizedetweersubjects After watchingeachmotion,the

subjectswrote their judgmentaboutthe naturalnes®f the motion

(yesor no). Thetotal lengthof the study(includingthe break)was
about30 minutes. For comparisorwith the statisticalmodels,the
resultsof the userstudyaresummarizedn Section5.

5 Experiments

We trainedthe statisticalmodelson the databasef four hoursof
humanmotionandtestedthemon a setof 261 naturaland170un-
naturalmotions. Figure3 shawvs the ROC curvesfor eachmethod.
The ROC curwe for the userstudy was computedby varying the
thresholdfor the numberof subjectswho mustmark a motion as
naturalfor it to belabeledasnatural. Thetestingsetfor thehuman
subjectsvasonly 118of the431testingmotionsin orderto prevent
fatigue.

Table1 givesthe areaunderthe ROC curve for eachmethod. For
thesinglefull-body models(151 features) SLDS hadthe bestper
formancefollowedby HMM andMoG. Eachensembl®f 26 mod-
els performedbetterthanthe singlemodelthat usedthe samesta-
tistical technique. This improvementoccurslargely becausehe
smallerstatisticaimodelsandour methodof combiningtheirscores
malkesthe ensemblanoresensitie to unnaturaimotion of a single
joint thana single statisticalmodel. The ensembleof HMM had
thelargestareaunderthe ROC curwe, althoughthe performancenf



Method | Positve Test | BadMotion | Edited | Keyframed | Noise | Transition | AreaUnder | Numberof
Set(261) Capture(37) | (60) (11) (30) (32) ROC Parameters

Naive Bayes 0.69 0.75 0.73 0.80 0.76 0.40 0.75 45,600
MoG 0.71 0.86 0.97 1.00 0.37 0.28 0.78 76,000
EnsembleMoG 0.74 0.89 0.80 1.00 0.80 0.40 0.88 201,000
HMM 0.72 0.78 1.00 1.00 0.53 0.22 0.78 21,087
EnsembleHMM 0.82 0.89 0.78 1.00 0.83 0.75 0.91 43,272
SLDS 0.76 0.78 0.75 1.00 0.43 1.00 0.87 333,150
EnsembleSLDS 0.82 0.76 0.82 1.00 0.67 0.97 0.90 159,340
HumanSubjects 0.93 0.75 1.00 0.81 1.00 0.92 0.97 NA

Table1: Thepercentagef eachtype of testingdatathatwasclassi ed correctlyby eachclassi cation method(usingthe point on the ROC
curve with equalerrorrate). The numberof testsequencefr eachtype of motionis givenin parentheses.
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Figure4: ROC cunesfor eachof the 26 HMM andthe combined
ensembldeHMM. TheHMM for the individual joints areshowvn in

red, for limbs in green,andfor the full bodyin blue. The lowest
curve correspondso theright wrist which alsocauseshe curve for

theright armto below.

all threeensemblemethodswas similar. The humansubjectsper
formedsigni cantly betterthanary of the methodsjndicatingthat
it maywell bepossibleto developbettermethods.

Table1l alsogivesthe percentagef thetestingdatathatwereclas-
si ed correctly for eachcatagory of the testsetand eachmodel.
Thethresholdsettingfor eachclassi er correspondso the point of
equalerrorrateonthe ROC cunve (seeFigure3). This pointonthe
ROC curweis wherethepercentagef falsepositvesequalgheper
centageof falsenegatives. Bad motion capturedatawas not easy
for mostof theclassi ersto detectwith only theensemblef MoG
andof HMM having successatesnear90%. The humansubjects
were also not particularly good at detectingthoseerrors, perhaps
becaus¢heerrorsweregenerallyof shortdurationandthe subjects
did not have experiencewith the processof capturingor cleaning
motioncapturedata.All of themethodsvereableto correctlyclas-
sify morethan70% of the editedmotionsasunnaturaland MoG,
HMM, andthe humansubjectshada successateof over 95% on
thosemotions. The keyframedmotionsweresmallin numberand
werelargely classi edcorrectlyasunnaturaby all methodsindthe
humansubjects. The addition of sinusoidalnoisewas more dif -
cult for mostof the methoddo detectwith only ensemblé/oG and
ensembldHMM achieving scoresnear80%. The humansubjects,
ontheotherhand,couldeasilydiscriminatethesemotions,scoring
100%. Motions with bad transitionswere the mostdif cult type

Positive

Test Set
A B C
Bad
Motion
Capture
Edited
Keyframed
Noise
Transition
A B C

Figure5: Responsef the ensembleof HMM to the positive and
the neggative testingdata. Eachrow shaws the responsesf all 26
modelsto a particulartestingsequenceThe intensity of the color
(redto yellow) indicatesa decreasingcore(moreunnatural) Each
columncorrespondso a singleensemblegroupedasfollows: A-
joints, B-limbs, andC-full-body, (seeFigure?2).

to identify for all of the methodswith the exceptionof SLDS and
ensembleof SLDS. During a badtransition,the velocitieschange
dueto blendingin away thatis locally smooth but is inconsistent
with the dynamicsof the initial and nal motion. We hypothesize
thatthegoodperformancef the SLDS modelscanbeattributedto



their ability to correctlymodellongertermtemporalproperties.

Tablel alsodescribeshenumberof parameters eachof themod-
els. Theseparameterarethedegreef freedomthatthemodelcan
exploit in tting the dataandprovide a crudemeasureof the rep-
resentationatesource®f the models. The ensembleof MoG and
of SLDS have mary more parametershanthe ensembleof HMM

but produceslightly inferior performanceThis discrepang is per
hapsa signthatthesemorecomplex modelsmaybeover tting the
trainingdata.

Figure 4 further explores the performanceof the ensembleof
HMM. Eachtype of modelis shavn in a differentcolor: single
joints, limbs, andfull body. As expectedthe ensemblanodelthat
is computedby combiningthe scoresof the individual HMM has
signi cantly betterperformancehanary singleHMM. The indi-
vidual HMM arefairly tightly bunchedindicatingthateachpoten-
tially hasvaluein thecomputatiorof the overall score.

Oneadwantageof the ensembleapproachs thatit canbe usednot
only to detectunnaturaimotionsbut alsoto localizeproblemareas.
This propertyis illustratedin Figure5 wherethe color of a block
indicateswhetheraparticularHMM foundeachmotionto be natu-
ral (black) or unnaturalredto yellow). In orderto detectunnatural
motionin anindividual joint or limb, we comparethe normalized
scorefrom thecorrespondingmallermodelwith thethresholdhat
givesthe equalerror rate for the ensembleclassi er. Jointsthat
arebelow thresholdare agged asunnaturaland renderedwith a
color thatis proportionalto the score. Two unnaturalmotionsare
visualizedin Figure 1 with the joints that were detectedasunnat-
ural shavn in red-yellav. By localizing problemareasto partic-
ular joints or limbs, we found errorsin our previously published
databas¢hathadnot beennoticedwhenthe datawascleanedand
processed.

Our userstudyproduceda true positive rateof 93%anda 7%false
positive rate. The subjectaveredravn from avariety of disciplines
andhadnot spentary signi cant time studyinghumanmotiondata
soit is perhapsot surprisingthattheir classi cationdid notagree
completelywith that of the authorswhenthey assembledhe test-
ing databaselnformal interviens with the subjectsindicatedthat
they were sometimesonfusedby the absenceof objectsthat the

characteshouldhave beeninteractingwith (aboxthatwasstepped
onto, for example). If the semanticof the motion wasnot clear

they werelikely to labelit asunnatural. The subjectsalsomissed
someerrorsin the motion,mostcommonlythoseof shortduration.

Thetrainingtime for eachof thesestatisticalmethodswassigni -
cant,rangingfrom a few hoursfor the simplermethodsto several
daysfor the ensemblemethods.Thetestingtime is not long how-
ever, we wereableto testthe entiresetof motionsin 20 minutes.

6 Discussion

Our measurescannot be signi cantly better than the motion
databasef positive examplesusedto train them. Motionsthatare
quitedistantfrom thosein thetrainingsetwill likely bejudgedun-
naturalevenif they arein factnatural.ln our experimentsywe have
seerthatunusuamotionsthathavelittle in commorwith othermo-
tionsin the databasare sometimedabeledunnatural. For exam-
ple,we have only a few examplesof falling in the motiondatabase
and“natural” examplesof thatbehaior werejudgedasunnatural
by our measures.On the otherhand,we have alsoseenevidence
that the measureslo generalize.For example,our testingsetin-
cludedwalking while picking up a coffee mug from atable. This
motionwasjudgednaturalby mostof the methodsalthoughbased

on a visual inspection,the closestmotionsin the training dataset
wereatwo armreachwhile standingwalking, andsweepingwith
abroom.

Negative examplesoften bearthe imprint of the algorithmusedto
createhem.For example carelesslyeditedmotionsmightevidence
unbalancegosturesor foot sliding if inversekinematicswas not
usedto maintainthe foot constraints. Similarly, motionsthat in-
cludebadtransitionsoftenhave signi cant discontinuitiesn veloc-
ity astheblendingroutineattemptso smoothbetweentwo distant
poseswith differing velocities. We have attemptedo addresghis
concernby testingon a wide variety of commonerrors: motions
thatwereaggressiely editedin a commercialanimationpackage,
motionsthatwerekeyframedby aninexperiencecanimator badly
cleanedmotion capturedata,bad (and good) transitions,and mo-
tionswith syntheticnoiseadded A largervariety of negative train-
ing examplesvouldallow amorerigorousassessmeiatf competing
techniques.

Despiteourattempto spanthespacef motionerrorswith ourneg-
ative testingset,othercommonerrorsmaynotbereliably detected.
For example,our methodswill likely not detectvery shorterrors
becausehe scoreon amotionis computedasanaggr@ateover an
entire sequencef motion. The magnitudeof the error causedoy
a singleglitch in the motionwill be reducedby the high percent-
ageof good, naturalmotion in the sequence This particular aw
doesnot seemserious,hovever, because special-purposeetec-
tor could easilybe createdor glitch detection.Furthermoremost
moderneditingandsynthesigechniquesvoid thiskind of error.

Ourmeasurearealsonotvery effective at detectingotherwisenat-

ural motionthathasbeensloved down by a factorof two. Sucha

slow-down is sometimedlif cult for humanobserersto detectas
well, particularlyfor behaiors thatdo notincludea ight phaseo

provide decreasedravity asareferenceWe believe thatour meth-
odsdo not performwell on thesemotionsbecausehe posesand

lower velocitiesseenin thesemotionsare “natural” in the sense
that they would be seenin suchnaturalbehaiors as slov walks.

Furthermorethe HMM have self-loopsthat allow slower motions
to passwithoutsigni cant penalty

Apartfrom their useasan evaluationtool, measuresf naturalness
couldbeusedto improve theperformancef bothmotionsynthesis
andmotion editing tools by identifying motion producedby those
algorithmsthatwaslikely not natural. Thoselabelscould be used
to adjustthe thresholdof a particulartransitionmetric, (for exam-
ple, WangandBodenheimef2003]) or to assesshevalueof anew
editingalgorithm.

In orderto facilitate comparisorbetweermodels,we useda stan-
dardapproacho dimensionalityreductionandstandardtonstraints
suchasdiagonalcovariancego reduceghenumberof modelparam-
eters. In future work we planto explore dimensionalityreduction
approachegor the SLDS model that exploit the dynamicsof the

datamoreeffectively (for example,[Soattoetal. 2001]).

Our approactto measuringhe naturalnessf a motionvia ensem-
blesof smallermodelswas quite successful However, it is likely
that the methodscould be improved, given that humanobseners
performsigni cantly betteronourtestset.In theapproacheported
here,we usedour knowledge aboutthe synegies of humanmo-
tion to pick appropriatefeaturegroupsbut featureselectionfrom
amonga larger set of featuresmight producebetterresults. We
combinedthe scoresof the small modelsby normalizingandthen
simply pickingtheworstscore.Other moresophisticatednethods
for normalizingor computingthescoremightprovide betterresults.

In additionto screeningor naturalnesspur approachmight work
for screenindor the style of a particularcharacter For example,a



measureouldbetrainedonall thekeyframemotionfor aparticular
cartooncharacterEachnenv motionsequenceouldthenbetested
againstthat measurdo determineif the motionswere“in charac-
ter” If not,thosemotionscouldbe agged for closerinspectiorand
perhapsge-animatiorby theanimator
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