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Figure1: Examplesfrom our testsetof motions. The left two imagesarenatural(motion capturedata). The two imagesto the right are
unnatural(badlyeditedandincompletelycleanedmotion). Jointsthataremarked in red-yellow weredetectedashaving unnaturalmotion.
Framesfor theseimageswereselectedby themethodpresentedin [Assaetal. 2005].

Abstract

In thispaper, weinvestigatewhetherit is possibleto developamea-
surethatquanti�esthenaturalnessof humanmotion(asde�ned by
a largedatabase).Sucha measuremight prove usefulin verifying
that a motion editing operationhadnot destroyed the naturalness
of a motion captureclip or that a syntheticmotion transitionwas
within thespaceof thoseseenin naturalhumanmotion.Weexplore
the performanceof mixture of Gaussians(MoG), hiddenMarkov
models(HMM), andswitchinglineardynamicsystems(SLDS)on
this problem.We useeachof thesestatisticalmodelsaloneandas
part of an ensembleof smallerstatisticalmodels. We alsoimple-
mentaNaiveBayes(NB) modelfor abaselinecomparison.Wetest
thesetechniqueson motioncapturedataheldout from a database,
keyframedmotions,editedmotions,motionswith noiseadded,and
syntheticmotiontransitions.We presenttheresultsasreceiver op-
eratingcharacteristic(ROC) curvesandcomparetheresultsto the
judgmentsmadeby subjectsin auserstudy.
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1 Intro duction

Motion captureis an increasinglypopularapproachfor synthesiz-
ing humanmotion. Much of the focus of researchin this area
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hasbeenon techniquesfor adaptingcaptureddatato new situa-
tions. Motion capturedatacan be reorderedin time[Arikan and
Forsyth2002;Kovar et al. 2002;Leeet al. 2002],similar motions
canbe interpolated[Wiley andHahn1997; Roseet al. 1998; Ko-
var andGleicher2004],motioncanbeedited[Gleicher2001],and
new motionscanbe generatedby combiningmotionsfor individ-
ual limbs[IkemotoandForsyth2004]. Modelsof humanmotion
canalsobeusedto synthesizenew motion[BrandandHertzmann
2000;Li et al. 2002]. Eachof thesetechniquesproposesheuristics
or modelsthat attemptto restrict the output of the algorithmsto
natural-lookingmotion,but nosinglenaturalnessmeasureexiststo
assessthequality of theoutput. In this paper, we explorewhether
it is possibleto providesuchameasure.

How canwe quantifywhat it meansfor a sequenceof humanmo-
tion to appearnatural?Oneapproachis to proposeasetof heuristic
rules that govern the movementof variousjoints. If a given se-
quenceviolatesany of the rules,it is judgedto be unnatural.For
example,a character's motioncouldbetestedfor angularmomen-
tumconservationin �ight or violationof thefriction conewhenthe
foot is in contact.This bottom-upapproachwill likely have dif�-
culty with themorestylistic elementsof humanmotion,becausea
motioncanbephysically correctwithoutappearingnatural.

A secondapproachis to develop a set of perceptualmetricsthat
provide guidelines for the �a ws 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,ReitsmaandPol-
lard measuredthesensitivity of usersto changesin horizontaland
vertical velocity. Taken together, suchstudiescould provide a set
of guidelinesto assesswhetheragivenmotionwill beperceivedas
natural.

A third approachis to trainaclassi�er to distinguishbetweennatu-
ral andunnaturalmovementbasedon human-labeled,ground-truth
data[Ikemotoand Forsyth 2004; Wang and Bodenheimer2003].
For example, Wang and Bodenheimerusedan optimization ap-
proachto �nd weightsfor a transitionmetricthatbestmatchedthe
judgmentsof sequencesby users. Herewe presentan alternative
take on this approach.We assumethat the learningalgorithmwill
be trainedonly on positive (natural)examplesof the motion. We
makethisassumptionbecausenaturalmotionsarereadilyavailable
from commercialmotioncapturesystems.Negative(unnatural)ex-
amples,on theotherhand,arepreciousbecauseeachmustbehand
labeledby aperson.As aconsequenceof thisscarcity, thenegative



examplesthatwouldberequiredfor trainingdonotexist. A further
concernis that the characteristicsof thesenegative examplesare
likely to be speci�c to the adaptationmethodthat generatedthem
and not representative of unnaturalmotionsin general. We will
demonstratethat usingour approach,a variety of motionscanbe
assessedusingmodelsthathave beentrainedon a largecorpusof
positiveexamples(Figure1).

Our approachto this problemis basedon the assumptionthat the
evaluationof naturalnessis not intrinsically a subjective criterion
imposedby the humanobserver but is, instead,an objective mea-
sureimposedby thedataasa whole. Simply put, motionsthatwe
haveseenrepeatedlyarejudgednatural,whereasmotionsthathap-
penvery rarelyarenot. Humansaregoodat this typeof evaluation
becausethey have seena lot of data. Theamountof collectedmo-
tion capturedatahasgrown rapidly over thepastfew yearsandwe
believe thatthereis now anopportunityfor acomputerto analyzea
lot of data,resultingin a successfulmethodfor evaluatingnatural-
ness.

The contributions of this paperare threefold. First, we posethe
questionof whetherit is possibleto quantifynaturalhumanmotion
independentof any speci�c adaptationtask.Second,we hierarchi-
callydecomposehumanmotioninto its constituentparts(individual
joints,limbs,andfull body)andbuild astatisticalmodelof eachone
usingexistingmachinelearningtechniques.Wethencombinethese
modelsinto anensemblemodelfor classi�cationof themotionas
naturalor unnatural.We presentROC curvesof the performance
of thesetechniqueson a broadsetof testsequencesandcompare
the resultsto humanperformancein a userstudy. And �nally , we
contributeasubstantialdatabaseof humanmotionanda testingset
that will enableothersto apply their algorithmsto this problem.
Both training andtestingdatasetsarefreely availableon the web:
http://graphics.cs.cmu.edu/projects/natural/.

2 Related Work

To ourknowledgethereis little work in computeranimationthatdi-
rectly exploresthequestionof quantifyingnaturalhumanmotion;
however, many algorithmsfor synthesizingandeditinghumanmo-
tion have beendesignedwith thegoalof restrictingtheir outputto
naturalhumanmotion. We brie�y review that work andthendis-
cussrelatedproblemsin otherdisciplines.

Oneearlytechniquefor amplifying theskills of thenaive animator
wasPerlin'swork usingmodulatedsinewavesandstochasticnoise
to createlifelik e animation[Perlin 1995]. We teston bothpositive
andnegative sequencesthataresimilar in thatsinusoidalnoisehas
beenaddedto motioncapturedata.

Many motion editing techniqueshave beenproposed,eachwith a
setof optimizationcriteriaintendedto ensurethattheresultingmo-
tion is natural(see,for example[Gleicher2001;Sulejmanpasicand
Popovic 2005]). Someof thesetechniqueshave beenadaptedinto
commercialsoftware,andwe useMayato performeditingon mo-
tion capturedatato generatepartof ournegative testset.

Motion graphscreatenew animationsby resequencingpiecesof
motion capturedata. The naturalnessof the resultingmotion de-
pendslargely on the quality of the motion transitions.Several al-
gorithmshave beenproposedfor creatingnaturaltransitions[Lee
et al. 2002;Kovar et al. 2002;Arikan andForsyth2002]. We use
syntheticmotiontransitions,bothgoodandbad,aspartof thetest
setin ourexperiments.

Wang and Bodenheimer[2003] used optimization to tune the
weightsof a transitionmetric basedon exampletransitionsclas-

si�ed by a humanviewer asgoodor bad. They madeseveral as-
sumptionsto maketheoptimizationprocesstractable.For example,
they did notconsiderhow changesin theblendingalgorithmwould
affect the naturalnessfor a given distancemetric. They alsostud-
ied theoptimaldurationfor a transitiongivena previously learned
distancemeasure[WangandBodenheimer2004].

Limb transplantis oneway to generalizethemotionin anavailable
database.IkemotoandForsyth[2004] usedan SVM to classifya
synthesizedmotion as“looks human”or “doesnot look human.”
Their approachwasquiteeffective for this problem,but it is a su-
pervisedlearningapproachandthereforerequiresa relatively large
numberof positive andnegative trainingexamplesspeci�c to limb
transplant.In contrast,our goal is to useunsupervisedlearningto
constructa measurethat canbe trainedonly on positive examples
andthatworksfor motionproducedby a varietyof motionediting
algorithms.

Thequestionof how to quantifyhumanmotionis alsorelatedto re-
searchthathasbeenperformedin a numberof other�elds. For ex-
ample,researchersinterestedin speaker identi�cation have looked
at the problemof decidingwhethera particularspeaker produced
a segmentbasedon a corpusof datafor that speaker andfor oth-
ers[Cole 1996]. Classifyingnaturalvs.unnaturalimagesfor fraud
detectionis similarly relatedto ourproblem[FaridandLyu 2003].

Closerto our problemis the work of Troje[2002] who wasinter-
estedin identifying featuresof a humanwalk that canbe usedto
label it asmaleor female. He reducedthe dimensionalityof the
datasetaswe do, with PCA, andthen�t sinusoidsto theresulting
components.This approachis speci�c to a cyclic motion suchas
walking andwould not easilygeneralizeto our very large,hetero-
geneousdatabase.However, theperformanceof his classi�er was
betterthanthatof humansubjectson a point light visualizationof
thewalkingmotion.

Researchersworking in activity recognitionhave looked at detec-
tion of unusualactivities,which is similar to ourproblemin thatan
adequatenegative trainingsetwouldbedif�cult to collect.As a re-
sult, mostapproacheshave focusedon unsupervisedlearning.For
example,Zhong and his colleagues[2004] usedan unsupervised
learningapproachto detectunusualactivity in videostreamsof hu-
manmotion. Haraandhis colleagues[2002] took motiondetector
dataacquiredfrom an intelligent house,performedvectorquanti-
zation,andestimatedthe probability of a sequenceof sensordata
with a HMM. Hamid andhis colleagues[2005] usedclusteringof
eventn-gramsto identify andexplainanomalousactivities.

3 Data

We explore theperformanceof threeclassesof statisticalmachine
learningtechniqueswhentrainedonalargedatabaseof motioncap-
turedataandtestedon sequencesof unnaturalandnaturalmotion
from a numberof differentsources.Becausethe validity of these
resultsdependsheavily on thetrainingandtestingdatasets,we �rst
describethosedatasetsandthenexplain the statisticaltechniques
andshow theirperformance.

3.1 Training Database

The training databaseconsistedof 1289trials (422,413framesor
about4 hours)andincludedmotionsfrom 34differentsubjectsper-
forming a varietyof behaviors. Thosebehaviors includedlocomo-
tion (42%: 5% jumping,3% running,and33%walking), physical
activities (16%: basketball, boxing, dance,exercise,golf, martial



arts), interactingwith the environment(7%: rough terrain, play-
groundequipment),two subjectsinteracting(6%), and common
scenarios(29%: cleaning,waiting,gestures).

The motion wasoriginally capturedwith a Vicon motion capture
systemof 12 MX-40 cameras[Vicon Motion Systems2005]. The
motionwascapturedat120Hzandthendownsampledto 30Hz.The
subjectswore41 markers,the3D positionsof which werelocated
by the cameras.Using an automaticallyobtainedskeletonfor the
user, the motion was further processedto 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
humerus,radius,wrist, femur, tibia, andmetatarsal.

For theexperimentsreportedhere,weconvertedeachframeof raw
motiondatato a high-dimensionalfeaturevectorof anglesandve-
locities.For therootsegment,wecomputetheangularvelocityand
the linear velocity (in the root coordinatesystemof eachframe).
For eachjoint, we computethe angularvelocity. The velocities
arecomputedasa centraldifferencebetweenthejoint angleor the
position on the previous frame and on the next frame. As a re-
sult, both joint anglesand their velocitiescan be representedby
unit quaternions(four componentseach).Thecompletesetof joint
anglesandvelocities,togetherwith theroot's linearvelocity (three
components)andangularvelocity (quaternion,four components),
form a 151-dimensionalfeaturevectorfor eachframe.Thequater-
nionsaretransformedto beon one-halfof the4D sphereto handle
the duplicaterepresentationof quaternions.If the orientationof a
joint crossesto theotherhalf-sphere,wechoosethealternativerep-
resentationfor that quaternionanddivide the motion sequenceat
theboundaryto createtwo continuoussequences.Fortunatelythis
problemoccursrelatively rarely in naturalhumanmotion because
of humanjoint limits.

3.2 Testing Motions

We generateda numberof different test setsin an effort to span
thespaceof naturalandunnaturalmotionsthatmight begenerated
by algorithmsfor producinghumanmotion. Unlike our training
data,the testingsuitecontainsbothpositive (natural)andnegative
(unnatural)examples.

The negative testingsequenceswere obtainedfrom a numberof
sources:

� Edited motions. Alias/Wavefront's Maya animationsystem
wasusedtoeditmotioncapturesequencestoproducenegative
trainingexamples.Theeditingwasperformedoneitherajoint
or a limb usinginversekinematics.

� Keyframed motions. Thesemotions were keyframed by
an animator with signi�cant Maya experiencebut limited
keyframingexperience.

� Noise.Noisehasbeenusedto generatehumanmotion[Perlin
1995] and to improve the quality of capturedmotion by
addingvariation.Wegeneratebothpositiveandnegative test-
ing examplesby varyingtheamountof noiseandrelyingona
humanobserver to assessthenaturalnessof themotion.

� Motion transitions. Thesemotionswere computedusing a
commonlyacceptedmetric for transitions(maintaincontact
constraintsandkeepthesumof thesquaredchangesin joint
anglesbelow a threshold).Transitionsaboveahigh threshold
andbelow alow thresholdwerethenclassi�edasgoodor bad
by ahumanviewer.

� Insuf�ciently cleanedmotioncapturedata. In theprocessof
cleaning,motion capturedata is transformedfrom the 3D
marker locationsto relative joint anglesusing a model of
the subject's skeleton. For mostmarker sets,this processis
accomplishedthroughthe useof inversekinematics. If the
markershavenotbeenplacedcarefullyor thekinematicchain
is neara singularity, this processmayresultin unnaturalmo-
tion (for example,kneesthatdonot fully extendor swingout
to thesideif signi�cantly bent).

Thenegative,or unnatural,testingsetconsistedof 170trials(27774
framesor 15minutes).

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

4 Approach

Theinput datafor our models,motioncapturedata,is a multivari-
ate time seriesconsistingof vectorsof features(joint anglesand
velocities)sampledat discretetime instants. From this perspec-
tive, a modelfor naturalmotionmustcaptureprobabilisticdepen-
denciesbetweenfeaturesacrosstime. We constructthis modelin
threesteps.First,we selecta statisticalmodelto describethevari-
ationin thedataover time. We investigatethreerelatively standard
techniques:mixturesof Gaussians(MoG), hiddenMarkov models
(HMM) andswitchinglineardynamicsystems(SLDS).Associated
with eachmodelis asetof modelparametersandalikelihoodfunc-
tion that measuresthe probability that an input motion sequence
couldbegeneratedby themodel.Second,we�t themodelparame-
tersusingacorpusof naturalhumanmotionastrainingdata.Third,
given a novel input motion sequence,we computea scorewhich
canbeinterpretedasameasureof naturalness.

By thresholdingthenaturalnessscoreweobtainaclassi�er for nat-
ural motion.Therearetwo typesof classi�cationerrors:falsepos-
itives(theclassi�er predictsnaturalwhenthemotion is unnatural)
andfalsenegatives(the oppositecase). By varying the threshold
we cantrade-off thesetwo typesof errors. The ROC curvefor a
classi�er summarizesits performanceasa function of the thresh-
old setting[Van Trees1968] (seeFigures3 and 4 for examples).
Each thresholdchoice correspondsto an operatingpoint on the
ROC curve. By comparingtheareaundertheROC curve, we can
measuretherelative performanceof a setof classi�erswithout the
needto choosea particularthreshold.In practicethechoiceof op-
eratingpoint on theROC curve will bedictatedby theapplication
requirementsandwill beassessedusinga setof positive andnega-
tiveexamplesthatwerenotusedfor training.

We could constructa singlestatisticalmodelof naturalnessusing
the full 151-dimensionalinput featurevectorfrom Section3.1 for
training. However, learningan accuratemodel for sucha high-
dimensionalfeaturevectoris dif�cult, evenwith a(relatively) large
amountof training data. Therefore,we proposeto hierarchically
decomposethefull bodymotioninto its constituentpartsandtrain
anensembleof statisticalmodels,eachresponsiblefor modelinga
particularpart: joints, limbs, or the whole body. Given an input
sequence,thesesmallermodelswould producea setof likelihood
scoresandanensemblerulewouldbeusedto combinethesescores
into asinglenaturalnessmeasure.Theensembleapproachhasthree
potentialadvantagesovercreatingasinglemodelbasedonthecom-
pletefeaturevector:
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Figure2: Thethreehierarchicalgroupsof features.(a) At thelow-
est level eachjoint and its velocity form a featuregroup. Each
featuregroupis illustratedasa greencircle. Thewhite circle rep-
resentsthegroupof featuresfrom theroot segment(linearvelocity
andangularvelocity). (b) The next level consistsof setsof joints
groupedaslimbs. (c) At the highestlevel, all the joints arecom-
binedinto onefeaturegroup(withoutvelocity information).

� Onepotentialproblemin learningtheparametersof statistical
modelsis over�tting, which occurswhena modelhasexces-
sivecapacityrelative to theamountof availabletrainingdata.
Whenover�tting occurs,thetrainedmodelsdonotgeneralize
well during testingbecausethey areexcessively tunedto the
trainingdataset. Theensembleapproachgivesus �e xibility
in controllingthecapacityof theindividualmodelsto prevent
over�tting. In particularit allows us to control thedegreeof
couplingbetweenfeaturesin themodel.

� In somemotion sequences,the patternsof unnaturalmotion
may be con�ned to a small setof joint angles. Thesecases
canbe dif�cult to detectwith a singlestatisticalmodel,be-
causethesmall setof featureswith unnaturalmotionwill be
swampedby themajorityof thefeatureswhichareexhibiting
naturalmotion. The ensembleapproachavoids this problem
becauseourmethodof combiningthestatisticalmodelslooks
for an unnaturalclassi�cation by any of the models,not an
averageclassi�cationof unnaturalness.

� The ensembleapproachmakes it possibleto examinesmall
groupsof joints and identify the onesmoststronglyassoci-
atedwith theunnaturalmotion. This propertyshouldmake it
possibleto provide guidanceto theanimatoraboutwhatele-
mentsof themotiondeserve themostattention.

We designedgroupsof featuresto capturedependenciesbetween
joints at different scales. Each group of featuresforms a fea-
ture vector that is associatedwith a single model in the ensem-
ble. Speci�cally, given the input 151-dimensionalfeaturevector
describedin Section3.1,we de�ne a setof 26 smallerfeaturevec-
tors by combiningjoint anglesandjoint velocitiesinto groupsof
features(�gure 2). At the lowest level, we createan 8-D feature
vector from eachof the 18 basicjoints (angleandvelocity). An-
otherfeaturevectoris createdfor the linearandtheangularveloc-
ity of theroot segment(sevenfeatures).To representtheaggregate
motion of partsof the body, we assigna featurevectorto eachof
thelimbs: two arms(eachthreejoints; 24 features),two legs(each
threejoints; 24 features),the head-neckgroup(head,upperneck,
lower neck; 24 features)and the torso/rootgroup (thorax, upper
back,lower back,plus root; 31 features).Finally, at the top level,
we de�ne a featurevector representingthe full body pose(rota-
tion anglesfor all 18 joints but no velocities; 72 features). For
themodelscreatedusingHMM andSLDS,thefeaturevectorsthat
compriseeachof thesefeaturegroupsare�rst processedwith PCA

(99% variancekept for the full-body model,99.9%variancekept
for thesmallermodels)to reducethedimensionality.

Given an ensembleof models,we generatea naturalnessmeasure
for a motionsequenceD of lengthT by �rst computinga scoresi
for eachmodel,wherethemodelhasparametersqi :

si =
logP(D j qi)

T

Thescoresfor eachmodelwill generallynot bein thesamerange.
Thereforewe mustnormalizethe scoresbeforethey canbe com-
bined.For eachmodel,wecomputethemeanmi andstandarddevi-
ations i of thescoresfor thetrainingdata(aftereliminatingasmall
percentageof the high andlow scoresto reducethe effect of out-
liers). The�nal scorefor sequenceD is thencomputedasfollows:

s= min
i

�
si � mi

s i

�
; i = 1;2; : : : ;26

Wechoosetheminimum(worst)normalizedscorefrom amongthe
si becausewe assumethat the entiremotion shouldbe labeledas
unnaturalif any of its constituentfeaturegroupshavebadscores.

We now describethe threestatisticalmodelsusedin our experi-
ments,aswell asa baselinemethodanda userstudyusedfor vali-
datingour results.

4.1 Mixture of Gaussians

We �rst experimentedwith a mixture of Gaussians(MoG) model
becauseof its simplicity. The probability densityof eachfeature
vectorwasestimatedusingamixtureof 500Gaussians,eachwith a
sphericalcovariance. In this rudimentaryrepresentation,the dy-
namicsof humanmotion are only encodedthroughthe velocity
componentsof thefeaturevector. As theresult,this modelis quite
weakatmodelingthedynamicsof humanmovement.

4.2 Hidden Markov Mo dels

Next, we experimentedwith a hiddenMarkov model(HMM) [Ra-
biner and Juang1993], becauseit explicitly encodesdynamics
(changeover time) andhasbeenshown to work extremelywell in
othertime-seriesdomainssuchasspeechrecognition.In a HMM,
the distribution of the body poses(and velocities) is represented
with a mixture of Gaussians.In general,eachhiddenstatein a
HMM indexesaparticularmixturedensity, andtransitionsbetween
hiddenstatesencodethedynamicsof thedata.Givenpositivetrain-
ing examples,theparametersof theHMM canbelearnedusingthe
Expectation-Maximization(EM) algorithm. The parameterscon-
sist of the probabilitiesin a statetransitionmatrix for the hidden
state,an initial statedistribution, andmixture densityparameters.
In thegeneralcase,thissetof parametersincludesmixtureweights
for eachhiddenstateandthemeanvectorsandcovariancematrices
of theGaussians.

For the full bodyHMM, we useda modelwith 180hiddenstates.
For theotherfeaturegroupscomprisingtheensembleof HMM, we
usedonly 60 hiddenstatesbecausethe featurevectorsweremuch
smaller. Eachhiddenstatein the HMM wasmodeledasa single
Gaussianwith adiagonalcovariancematrix.



4.3 Switching Linear Dynamic Systems

A switchinglinear dynamicsystem(SLDS) modelcanbe viewed
asa generalizationof a HMM in which eachswitchingstateis as-
sociatedwith a linear dynamicsystem(LDS) insteadof a Gaus-
siandistribution over theoutputspace[Pavlović et al. 2000]. In a
HMM, eachswitchingstatede�nes a “region” in theoutputspace
(e.g,posesandvelocities),wherethe meanvectordeterminesthe
locationof theregion andthecovariancematrix determinesits ex-
tent. In contrast,eachLDS componentin anSLDSmodelde�nesa
family of trajectorieswith lineardynamics.Weusedasecond-order
auto-regressive (AR) modelin our experiments.In this model,tra-
jectoriesbegin at an initial statethat is describedby a mixture of
Gaussians.As thetrajectoryevolves,thestateof themotionat time
t is describedby a linear combinationof the statevaluesat times
t � 1 andt � 2 andtheadditionof Gaussiannoise.By switchingbe-
tweentheseLDS components,theSLDScanmodela systemwith
nonlinear, non-Gaussiandynamicsusinga setof simplebuilding
blocks. Note thatour applicationof SLDSdoesnot requirea sep-
aratemeasurementprocess,becausewe modelthemotiondirectly
in thefeaturespace.

Closelyrelatedto our SLDSmodelis themotiontexturemodel[Li
et al. 2002]. Theprimarydifferenceis that themotion textureap-
proachcon�neseachLDS elementto a “texton” thatis constrained
to begin andendat speci�c keyframes,whereaswe adopttheclas-
sicalSLDSframework wheretransitionsbetweenLDS modelscan
occurateachtimestep.

As in the HMM case,the SLDS modelparametersareestimated
using the EM algorithm. However, a key differenceis that ex-
act inferencein hybrid dynamicmodelslike SLDSis generallyin-
tractable[Lerner2002]. We employed an approximateViterbi in-
ferencealgorithmwhichcomputesanapproximationto thehighest
probabilityswitchingsequence[Pavlović et al. 2000].

Givenanew motionsequence,wecomputeascorethatcorresponds
to thelog likelihoodof thedataundertheSLDSmodel.This score
is thesumof thelog likelihoodsfor eachframeof data.Per-frame
scoresdependonthecostof switchingbetweenmodelsandthesize
of theone-step-aheaderrorbetweenthemodel's predictionandthe
actualfeaturevector.

For the full bodySLDS,we usedanSLDSmodelwith 50 switch-
ing states.For theothergroupsof featurescomprisingtheensemble
model,we used5 switchingstateseach.We useddiagonalcovari-
ancematricesfor thenoiseprocess.

4.4 Naive Bayes (Baseline Metho d)

To establisha baselinefor the otherexperiments,we also imple-
menteda simple marginal histogramprobability density estima-
tor basedon the Naive Bayes(NB) model. Assumingindepen-
dencebetweenthecomponentsof our151-dimensionalfeaturevec-
tor (which is clearlywrong),wecomputed1D marginalhistograms
for eachfeatureover theentiretrainingdatabase.Eachhistogram
had300buckets.Giventhismodel,weestimatedthescoreof anew
testingsequenceby summingoverthelog likelihoodsof eachof the
151 featuresfor eachframeandthennormalizingthe sumby the
lengthof themotionsequence.Notethatthis methodcapturesnei-
ther thedependenciesbetweendifferentfeatures(even thosecom-
prisingasinglejoint angle),northetemporaldependenciesbetween
featuresat different frames(althoughvelocitiesdo provide some
measureof dynamics).As expected,this methoddoesnot perform
particularly well, but we includedit as a baselinewith which to
comparetheother, morecomplicatedapproaches.
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Figure3: The ROC curves for eachstatisticalmodeland for the
humansubjectsin our userstudy. Thecircle on eachcurve repre-
sentstheequalerrorrate.TheareaundertheROCcurve is givenin
parentheses.

4.5 User Study

To evaluateour results,we performeda userstudy approved by
InstitutionalReview Board(IRB) of Carnegie Mellon University.
Twenty-ninemale subjectsand twenty-�ve femalesubjectswith
differentbackgroundsandraceswereobtainedby university-wide
advertising.

We randomlyselectedand rendered118 motion sequencesfrom
our testingset(approximatelyhalf from thepositive testingsetand
half from thenegative testingset).We showedtherenderedvideos
to subjectsin two segmentswith a 10 minute breakbetweenthe
segments. Eachsegmentcontainedhalf the sequencesin a ran-
domorderandtheorderingof thepresentationof thetwo segments
wasrandomizedbetweensubjects.After watchingeachmotion,the
subjectswrote their judgmentaboutthe naturalnessof the motion
(yesor no). Thetotal lengthof thestudy(includingthebreak)was
about30 minutes.For comparisonwith thestatisticalmodels,the
resultsof theuserstudyaresummarizedin Section5.

5 Experiments

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

Table1 givestheareaundertheROC curve for eachmethod.For
thesinglefull-body models(151features),SLDShadthebestper-
formance,followedby HMM andMoG.Eachensembleof 26mod-
elsperformedbetterthanthesinglemodelthatusedthesamesta-
tistical technique. This improvementoccurslargely becausethe
smallerstatisticalmodelsandourmethodof combiningtheirscores
makestheensemblemoresensitive to unnaturalmotionof a single
joint thana singlestatisticalmodel. The ensembleof HMM had
thelargestareaundertheROC curve,althoughtheperformanceof



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

NaiveBayes 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: Thepercentageof eachtypeof testingdatathatwasclassi�edcorrectlyby eachclassi�cationmethod(usingthepoint on theROC
curvewith equalerrorrate).Thenumberof testsequencesfor eachtypeof motionis givenin parentheses.
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Figure4: ROC curvesfor eachof the26 HMM andthecombined
ensembleHMM. TheHMM for the individual joints areshown in
red, for limbs in green,andfor the full body in blue. The lowest
curvecorrespondsto theright wrist whichalsocausesthecurve for
theright armto below.

all threeensemblemethodswassimilar. The humansubjectsper-
formedsigni�cantly betterthanany of themethods,indicatingthat
it maywell bepossibleto developbettermethods.

Table1 alsogivesthepercentageof thetestingdatathatwereclas-
si�ed correctly for eachcategory of the test set and eachmodel.
Thethresholdsettingfor eachclassi�er correspondsto thepoint of
equalerrorrateon theROC curve (seeFigure3). This pointon the
ROCcurveis wherethepercentageof falsepositivesequalstheper-
centageof falsenegatives. Bad motion capturedatawasnot easy
for mostof theclassi�ersto detectwith only theensembleof MoG
andof HMM having successratesnear90%. Thehumansubjects
werealsonot particularlygoodat detectingthoseerrors,perhaps
becausetheerrorsweregenerallyof shortdurationandthesubjects
did not have experiencewith the processof capturingor cleaning
motioncapturedata.All of themethodswereableto correctlyclas-
sify morethan70%of theeditedmotionsasunnatural,andMoG,
HMM, andthehumansubjectshada successrateof over 95%on
thosemotions.Thekeyframedmotionsweresmall in numberand
werelargelyclassi�edcorrectlyasunnaturalby all methodsandthe
humansubjects.The additionof sinusoidalnoisewasmoredif�-
cult for mostof themethodsto detectwith only ensembleMoG and
ensembleHMM achieving scoresnear80%. Thehumansubjects,
on theotherhand,couldeasilydiscriminatethesemotions,scoring
100%. Motions with bad transitionswere the mostdif�cult type
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Figure5: Responseof the ensembleof HMM to the positive and
the negative testingdata. Eachrow shows the responsesof all 26
modelsto a particulartestingsequence.The intensityof thecolor
(redto yellow) indicatesadecreasingscore(moreunnatural).Each
columncorrespondsto a singleensemble,groupedasfollows: A-
joints,B-limbs,andC-full-body, (seeFigure2).

to identify for all of themethods,with theexceptionof SLDSand
ensembleof SLDS.During a badtransition,the velocitieschange
dueto blendingin a way that is locally smooth,but is inconsistent
with thedynamicsof the initial and�nal motion. We hypothesize
thatthegoodperformanceof theSLDSmodelscanbeattributedto



their ability to correctlymodellonger-termtemporalproperties.

Table1 alsodescribesthenumberof parametersin eachof themod-
els.Theseparametersarethedegreesof freedomthatthemodelcan
exploit in �tting the dataandprovide a crudemeasureof the rep-
resentationalresourcesof the models.The ensembleof MoG and
of SLDShave many moreparametersthantheensembleof HMM
but produceslightly inferior performance.This discrepancy is per-
hapsa signthatthesemorecomplex modelsmaybeover�tting the
trainingdata.

Figure 4 further explores the performanceof the ensembleof
HMM. Eachtype of model is shown in a different color: single
joints, limbs, andfull body. As expected,theensemblemodelthat
is computedby combiningthe scoresof the individual HMM has
signi�cantly betterperformancethanany singleHMM. The indi-
vidual HMM arefairly tightly bunchedindicatingthateachpoten-
tially hasvaluein thecomputationof theoverall score.

Oneadvantageof theensembleapproachis that it canbeusednot
only to detectunnaturalmotionsbut alsoto localizeproblemareas.
This propertyis illustratedin Figure5 wherethe color of a block
indicateswhetheraparticularHMM foundeachmotionto benatu-
ral (black)or unnatural(redto yellow). In orderto detectunnatural
motion in an individual joint or limb, we comparethe normalized
scorefrom thecorrespondingsmallermodelwith thethresholdthat
gives the equalerror rate for the ensembleclassi�er. Jointsthat
arebelow thresholdare �agged asunnaturalandrenderedwith a
color that is proportionalto the score.Two unnaturalmotionsare
visualizedin Figure1 with the joints that weredetectedasunnat-
ural shown in red-yellow. By localizing problemareasto partic-
ular joints or limbs, we found errorsin our previously published
databasethathadnot beennoticedwhenthedatawascleanedand
processed.

Ouruserstudyproduceda truepositive rateof 93%anda7%false
positive rate.Thesubjectsweredrawn from avarietyof disciplines
andhadnotspentany signi�cant timestudyinghumanmotiondata
soit is perhapsnot surprisingthat their classi�cationdid not agree
completelywith thatof theauthorswhenthey assembledthe test-
ing database.Informal interviews with the subjectsindicatedthat
they weresometimesconfusedby the absenceof objectsthat the
charactershouldhavebeeninteractingwith (aboxthatwasstepped
onto, for example). If the semanticsof the motion wasnot clear,
they werelikely to label it asunnatural.Thesubjectsalsomissed
someerrorsin themotion,mostcommonlythoseof shortduration.

Thetraining time for eachof thesestatisticalmethodswassigni�-
cant,rangingfrom a few hoursfor thesimplermethodsto several
daysfor theensemblemethods.The testingtime is not long how-
ever, wewereableto testtheentiresetof motionsin 20minutes.

6 Discussion

Our measurescannot be signi�cantly better than the motion
databaseof positive examplesusedto train them.Motionsthatare
quitedistantfrom thosein thetrainingsetwill likely bejudgedun-
naturalevenif they arein factnatural.In ourexperiments,wehave
seenthatunusualmotionsthathavelittle in commonwith othermo-
tions in the databasearesometimeslabeledunnatural.For exam-
ple,we have only a few examplesof falling in themotiondatabase
and“natural” examplesof that behavior werejudgedasunnatural
by our measures.On the otherhand,we have alsoseenevidence
that the measuresdo generalize.For example,our testingset in-
cludedwalking while picking up a coffee mug from a table. This
motionwasjudgednaturalby mostof themethodsalthoughbased

on a visual inspection,the closestmotionsin the training dataset
werea two armreachwhile standing,walking, andsweepingwith
abroom.

Negative examplesoftenbearthe imprint of thealgorithmusedto
createthem.Forexample,carelesslyeditedmotionsmightevidence
unbalancedposturesor foot sliding if inversekinematicswasnot
usedto maintainthe foot constraints.Similarly, motionsthat in-
cludebadtransitionsoftenhavesigni�cant discontinuitiesin veloc-
ity astheblendingroutineattemptsto smoothbetweentwo distant
poseswith differing velocities. We have attemptedto addressthis
concernby testingon a wide variety of commonerrors: motions
thatwereaggressively editedin a commercialanimationpackage,
motionsthatwerekeyframedby an inexperiencedanimator, badly
cleanedmotion capturedata,bad(andgood)transitions,andmo-
tionswith syntheticnoiseadded.A largervarietyof negative train-
ingexampleswouldallow amorerigorousassessmentof competing
techniques.

Despiteourattemptto spanthespaceof motionerrorswith ourneg-
ative testingset,othercommonerrorsmaynotbereliablydetected.
For example,our methodswill likely not detectvery shorterrors
becausethescoreon a motionis computedasanaggregateover an
entiresequenceof motion. The magnitudeof the error causedby
a singleglitch in the motion will be reducedby the high percent-
ageof good,naturalmotion in the sequence.This particular�a w
doesnot seemserious,however, becausea special-purposedetec-
tor couldeasilybecreatedfor glitch detection.Furthermore,most
moderneditingandsynthesistechniquesavoid thiskind of error.

Ourmeasuresarealsonotveryeffectiveatdetectingotherwisenat-
ural motion thathasbeensloweddown by a factorof two. Sucha
slow-down is sometimesdif�cult for humanobserversto detectas
well, particularlyfor behaviors thatdo not includea �ight phaseto
providedecreasedgravity asareference.Webelieve thatourmeth-
odsdo not performwell on thesemotionsbecausethe posesand
lower velocitiesseenin thesemotionsare “natural” in the sense
that they would be seenin suchnaturalbehaviors asslow walks.
Furthermore,theHMM have self-loopsthatallow slower motions
to passwithoutsigni�cant penalty.

Apart from their useasanevaluationtool, measuresof naturalness
couldbeusedto improvetheperformanceof bothmotionsynthesis
andmotionediting toolsby identifying motionproducedby those
algorithmsthatwaslikely not natural.Thoselabelscouldbeused
to adjustthe thresholdof a particulartransitionmetric, (for exam-
ple,WangandBodenheimer[2003])or to assessthevalueof anew
editingalgorithm.

In orderto facilitatecomparisonbetweenmodels,we useda stan-
dardapproachto dimensionalityreductionandstandardconstraints
suchasdiagonalcovariancesto reducethenumberof modelparam-
eters. In future work we plan to explore dimensionalityreduction
approachesfor the SLDS model that exploit the dynamicsof the
datamoreeffectively (for example,[Soattoetal. 2001]).

Our approachto measuringthenaturalnessof a motionvia ensem-
blesof smallermodelswasquite successful.However, it is likely
that the methodscould be improved, given that humanobservers
performsigni�cantly betteronourtestset.In theapproachreported
here,we usedour knowledgeaboutthe synergies of humanmo-
tion to pick appropriatefeaturegroupsbut featureselectionfrom
amonga larger set of featuresmight producebetterresults. We
combinedthescoresof thesmallmodelsby normalizingandthen
simplypickingtheworstscore.Other, moresophisticated,methods
for normalizingor computingthescoremightprovidebetterresults.

In additionto screeningfor naturalness,our approachmight work
for screeningfor thestyleof a particularcharacter. For example,a



measurecouldbetrainedonall thekeyframemotionfor aparticular
cartooncharacter. Eachnew motionsequencecouldthenbetested
againstthat measureto determineif the motionswere“in charac-
ter.” If not,thosemotionscouldbe�aggedfor closerinspectionand
perhapsre-animationby theanimator.
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