
The Visual Computer manuscript No.
(will beinsertedby theeditor)

Mikik o Matsunaga,Victor B. Zordan
University of California, Riverside

A Dynamics-basedComparisonMetric for Motion Graphs

thedateof receiptandacceptanceshouldbeinsertedlater

Abstract Motion graphapproachesfocuson the re-useof
characteranimationcontainedin a motion-capturereposi-
tory by connectingsimilar framesin thedatabasewith tran-
sitions.Becausetheoutputanimationof amotiongraphcomes
directly from themotioncapturedataexceptfor the transi-
tions,thequality of themotiondependslargely on thetran-
sition pointsselected.In this paper, we investigatecompari-
sonmetricsfor choosingtransitionpoints,aimingat improv-
ing thevisualquality of animationsgeneratedusingmotion
graphs.Speci�cally, wefocusontheweightassignedto each
bodypart,whichre�ects therelativesigni�canceof thebody
parton thequality of thegeneratedmotion.We introducea
novel weightingscheme,basedonanestimationof thechar-
acter's dynamics,which assignsweightsfor eachbody ac-
cordingto displacedmassandsimpli�ed friction terms.To
assessthequalityof thetransitionsselectedby ourproposed
dynamicmetric,wecompareits resultsto previousmethods,
lookingatbothvisualqualityandquantitativeanalysis.

Keywords animation,motioncapture,charactermotion

1 Intr oduction

Realisticanimationof humanlike charactersis anactive re-
searchareawith importantapplicationsin the movie and
gameindustries.Oneapproachfor generatingrealistic,con-
trollablemotionis throughtheuseof amotiongraph,which
gaineda greatdealof visibility at Siggraph2002 [1,8,10,
12,16]. Motion graphsarede�ned asdirectedgraphsbuilt
by cuttingandconnectingsegmentsof motioncapturedata.
They retainvisualqualitybyusingmotioncapturedatawhen-
ever possibleand allowing transitionsto take placewhen
motionssnippets(or frames)are similar enough.Because
thesetransitionpoints are selectedbasedon the costsre-
turnedby a comparisonmetric,thechoiceof themetrichas
directimpactonthequalityof theconstructedmotiongraph.
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In this paper, we aim at improving thevisualquality of mo-
tion graphsby focusingon the comparisonmetric usedto
�nd thetransitionpoints.

While thereareseveralcomponentsthatmakeupacompar-
isonmetric,we focuson theweightingparametersassigned
to individualbodypartsthatareusedin pairwiseframecom-
parisons.In particular, we setout to de�ne an assignment
schemethat automaticallyselectsweight valuesfor indi-
vidual body partsbasedon pertinent,quanti�able dynamic
propertiesthataffect thequality of the transitions.To meet
our goal, we approximatethe character's dynamicsby ac-
countingfor massdisplacementacrossatransitionaswell as
simpleconstraintsderivedfrom groundcontactandfriction.
Our assertionis thata goodtransitionis onewhich matches
circumstancesand minimizesviolations basedon the dy-
namic conditionsseenby the characterover the duration
of the proposedtransitionperiod.Intuitively, our dynamics
baseddistancemetricpenalizeslarge (mass)displacements
and unnaturalsliding contactswith the ground(e.g. “foot
skate”.)

While wefocusonmotioncomparisonweightsin thispaper,
westrive for mechanismsfor evaluatingboththemetricand
the quality of the motion producedusingthe motion graph
approach.Thus,a secondaryleg of this effort emphasizes
analysisandevaluationof theproducedmotion transitions.
In astraightforwardmanner, ouralgorithm'sselectedtransi-
tions areevaluatedin comparisonto two previous methods
basedonvisualqualityandquantitativeanalysis.In addition,
we introduce�ndings thatprovide insightsin regardsto as-
sessmentof distancemetricsin generalaswell asaquanti�-
cationof thenumberof transitionsonemight expectto �nd
basedon a givendatabase.The latter leadsto a methodfor
selectingmetricthresholds.

Themajorcontributionsof thispaperare:

– An automatic,dynamics-basedassignmentschemefor
comparison.

– Introductionof bodymassdisplacementasamethodfor
transitionevaluation.
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– Quantitative reductionin amountof “foot skate”result-
ing from motiontransitions.

– Assessmentandpracticalsuggestionsrelatedto the se-
lectionanduseof comparisonmetricsfor motiongraphs

2 RelatedWork

Severalresearchershaveproposedwaysto reusemotioncap-
turedataby treatingit asan input to build new animations.
One suchtechniqueis to createanimationsby taking dis-
joint segmentsof motioncapturedataandconnectingthem
throughasimpletransition[14,1,8,10,12,16,13,2]. Recently,
Ikemotoet al. alsointroduceda methodfor generatingtran-
sitionsautomaticallybetweenany frameandany otherframe
in amotiondatabaseusingmulti-wayblends[7].

In our work, we focuson thedistancemetricusedto evalu-
atemotion transitionsandhighlight a few distinct methods
herefor reference.In Kovaretal. [8], amotiongraph's tran-
sition pointsareselectedby searchingfor similar framesin
themotiondatabaseusinga comparisonmetricwhich is the
Euclideandistancebetweenrepresentative tracepointsdis-
tributedover thecharacter'sbodymodel.A `window' of ac-
tion is incorporatedinto the metric by taking the weighted
sumof thedistancesfor several framesbeforeandafter the
timesof thetestframes.We usethis methodasour baseline
(Heuristic1) in this paper. Arikan andForsythconstructa
hierarchicalmotiongraphandperformarandomizedsearch
on it to generateamotionthatful�lls userconstraints[1]. In
theireffort, thecomparisonof framesis performedby align-
ing therootsandusingthejoint position,joint velocity, torso
velocity, andtorsoacceleration.Thejoint weightsarevaried
dependingon thesigni�cance,asin our metric,but theval-
uesarechosenempirically in their metric. We constructa
secondheuristicmeasurebasedon their techniquefor com-
parisonaswell. Lee et al build a two-layergraphstructure
usingaHiddenMarkov Model [10]. Thecomparisonmetric
usedby Lee et al is basedon the differencein joint angles
andjoint velocities,wherethe sumis taken over manually
selected“important” joints. They alsointroducethe notion
of contactstates,suggestingthat thetransitionsshouldtake
placeonly whenthereis a similar contactchangeoccurring
at the frame. We also accountfor contactchangesin our
weightde�nition.

Severalstudieshavebeenconductedto evaluatesynthesized
motionsincludingeditsor transitionsfor motioncapturedata.
Evaluationsof motion graphscanbe divided into two cat-
egories:analyzingthe quality of individual transitionsand
analyzingthe resultinganimationasa whole, for example,
basedon the coveragewithin an environment.Several in-
vestigations rely on humaninput to assessnaturalnessof
synthesizedmotions - where someassesshumanpercep-
tion of segmentqualityvia userstudies[17,22],while others
build statisticalmodelsto automaticallyassessqualitybased
onhand-labelledexamples[21,19,3,6]. Anotherstudyeval-
uatesthe physical correctnessof interpolatedmotion seg-

mentsandmakesspeci�c suggestsin regardsto generating
morenaturallookingmotion[20]. Evaluationtargetedat the
resultsfrom themotiongraphsin its entiretyhasbeenpre-
sentedby ReitsmaandPollard[18]. They introduceda met-
ric which measuresthecapabilityof themotionsgenerated
by amotiongraphto navigateacharacterwithin agivenen-
vironment.

Of theseefforts, the work describedby WangandBoden-
heimer[21] is relatedto oursin thatthey evaluatetransition
cost(following themetric introducedby Leeet al [10]) and
focuson theweightassignmentscheme.They presentanal-
gorithm for assigningjoint weightsusinga training setof
transitionsthat areclassi�ed manuallyasvisually pleasing
or not. Theweightsarecomputedvia optimizationto mini-
mizethecontributionfrom theundesirabletransitions.Their
work is similar to ours in that we both focus on weight-
ing schemesthat lead to naturaltransitions,but insteadof
using exampletransitionsto optimize the weights,we de-
terminethe weightsbasedon the dynamicsof a given mo-
tion segment.Thisdistinctionenablestheweightassignment
schemeto be automatedand doesnot requirea manually
generatedtrainingset.In this respect,ourwork is moresim-
ilar to thatdescribedby SafonovaandHodgins[20] because
we computea dynamicsbasederror that penalizesphysi-
cally unrealistictransitions.

3 ComparisonEvaluation

Thereare varioustechniquesthat can be usedto compare
motionsegments.In this paper, we basethestructureof our
comparisonmetricon theonepresentedby Kovar et al. [8]
and investigate the effect of using different joint weights.
Thus,webegin thedescriptionof ourmethodwith anoverview
of theircomparisonmetric.Wealsore-implementtheirmet-
ric andusethisasabasisfor comparison.

Accordingto their comparisonmethod,to computethedis-
tanceerrorsfor a pair of frames,thedistancefor a window
of framesis extractedandcompared.This window is a se-
quenceof framescontainingtheframeitself andthenearby
frames,whosesizeis de�ned asL + R+ 1, whereL andR
denotethesizesof the left andright windows, respectively.
The costbetweentwo windows is de�ned asthe weighted
sumof the costsfor individual pairsof framesin the win-
dow:

C(Ai ;B j ) =
R

å
k= � L

[Wk � c(Ai+ k;Tq;(x;y)B j+ k)]

Here,C(Ai ;B j ) denotesthecostfor transitioningfromawin-
dow centeredaroundframeAi to anotheraroundframeB j .
Wk is a changingframeweightfor thekth framein thewin-
dow. In our implementation,we set this value basedon a
quadraticfunctionwherethehighestweight is given to the
centralframe(k = 0) anddecreasingweight is giventoward
theendsof thewindow. c(Ai+ k;Tq;(x;y)B j+ k) denotesthecost
for a singleframepair, Ai+ k, andB j+ k, givenby theframe-
frame comparisonfunction c, and Tq;(x;y) is the alignment
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transformationapplied to the frame B j+ k. The alignment
transformationis a rotationalongtheverticalaxis followed
by thetranslationalongthegroundplane,andit is computed
asananalyticalminimumof the�nal cost.

Frame-framecomparisonassessesthesimilarity of two pos-
tures,returningthequantitative differencebetweenthetwo.
The cost betweentwo posturesis de�ned as the weighted
sumof thecostfor eachbodypart:

c( fi ; f j ) =
N

å
n= 1

wpos( fi;n; f j ;n)
M

M

å
m= 1

cpos( fi;n;m; f j ;n;m)

Here,thecostisde�nedfor posturesatframesfi andf j , each
having N body parts.For eachbody, the positionaldiffer-
enceof M representative points(termed`point clouds') are
computedusingcpos, which denotesthe squaredEuclidean
distancebetweenthe correspondingpoints.The computed
costsarescaledby weight w for eachbody, which is uni-
form in their approach.The representative points for each
body part areweightedequally, so the averageof the sum
of M costsis usedasthecostfor thebodypart represented
by thepoints.For thesake of consistency, unlessotherwise
speci�ed, we follow their techniqueexactly except for our
replacementof theweightsin w.

4 Dynamics-basedWeighting

To accountfor the dynamics,we estimatethe valueof the
massfor eachbody part. This approximationcanbe done
basedon volumeanddensityestimatesor setdirectly based
on known valuesfor humanbody parts.For further details
on this topic,see[5]. Fromthesemasses,wecouldcompute
theamountforceor changein momentumrequiredto move
a body part basedon a given input trajectory(say, the pro-
posedmotiontransition).However, unlesswe arewilling to
make assumptionsin regardsto the externalforcesareact-
ing, thesecalculationsbecomeintractible.Instead,we pro-
posethat the dynamicscanbe capturedby computingtwo
mass-basedpropertiesthataccountfor theunconstrainedmass
displacementandconstrained,friction-basedslidingpresent
in thecomparedmotions.

Thus,the comparisonmetric we introduceis comprisedof
two distinct components:massdisplacementweights and
`friction' weights.Then, the weight for a given body part
b is de�ned asthesumof thesetwo typesof weights:

w(b) = wmass(b) + wf riction(b)
wherewmass(b) is a measureof the amountof massthat is
displacedby moving abodyagivenamountandw f riction(b)
measuresthe amountof resistencefelt by moving a body
againstfriction, imposedby groundcontact.

4.1 MassDisplacementWeight

Massdisplacementhasbeenusedto assessmotioneditspre-
viously [15]. In our scheme,themassdisplacementweight

Fig. 1 Inward/outwarddirectionswith respectto the root. Rootbody
is shown in dark.

is determinedby theamountof massthatgetsdisplacedby
moving thebodypartassumingthat thecharacteris uncon-
strained(i.e. not in contactwith the ground).Note, kine-
matic constraintsareupheld,but we do not differentiateat
thispointbasedon theenvironment.

Becausethehumanbodyis connectedby joints, bodyparts
donotmove independently. For example,if apersontriesto
move theupperarm,the lower armandthehandwill move
together, and if a persontries to move the lower arm, the
handwill move togetherin a similar manner. We note the
upperarmdisplacesmoremassthanmoving thelower arm,
which suggeststhatdifferencesin theshoulderjoint require
morework thanthedifferencesin theelbow in general.To
incorporatesuchdifferences,we de�ne our massdisplace-
mentweightas:

wmass(b) = Mass(b) + å b02f OutParts(b)g Mass(b0)
wheremassdisplacementweightfor bodyb is de�nedasthe
sumof the massesof the part itself plus all of the outward
partsb0, wheretheoutwarddirectionis de�ned asthedirec-
tion away from the root. In otherwords,the outward parts
includeall bodypartsthat lie betweenb andthebranchtips
in the outward direction(seeFigure1). In this fashion,we
accountfor the relative costof moving the body parts,for
examplethehandvs. thepelvisbasedon thetotal massdis-
placed.

Note, the valuesof wmass remainconstantthroughoutthe
simulation.Thevalueof wmass(b)onlydependsonthemasses
of thebodypartsin themodel,which doesnot changefrom
frameto frame.Thus,wmass(b) canbepre-computedfor each
bodypartin themodelto avoid redundantcalculations.

4.2 FrictionWeight

Themassdisplacementweightaccountsfor movementin an
unconstrainedenvironment.Obviously, it is also important
to accountfor externalforces,especiallyfor groundcontact
which supportsthe character's body and provides traction
for movement.One solution is to usethe body parts that
arein contactwith theground,which suf�ce asanapprox-
imation to avoid complex calculations[23]. However, body
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partsin directcontactwith thegroundarenot theonly ones
thatsupportthebodyor feel theresultof friction resistence.
Thus, in addition to the body parts in direct contactwith
theground,theinwardpartsof thesupportinglimb'sbranch
shouldbepenalizedaswell.

InPartsInSameBranch(b) = f b0:b0 2 InParts(b) and
Branch(b0) = Branch(b)g

Here,the inward bodies,InParts, areall of the body parts
from b toward the root, which is the direct oppositeof the
outward parts mentionedin the previous subsection.The
Branch(b) returnsthe branchthat body part b belongsto,
whichis eithertheheador oneof thefour limbs.Thesecond
half of the checkensuresthat the body part b only affects
otherpartsof thebodythatbelongsto thesamebranch.The
supportingbody for the frameis thende�ned asall of the
body partsin groundcontactandall inward partsof them
thatbelongto thesamebranch:

SupportingBody( f ) = f b : IsContactingGround(b)g [
f b0: b02 InPartsInSameBranch(b)g

Thefriction weightis de�ned to betheamountof massdis-
placed,in this case,basedon theamountof massthebody
part supports.To computetheamountof massa bodysup-
ports,we draw off of our observationthata bodyin contact
canbetreatedastherootandthen,aswedid before,wecan
walk outthetreefrom thatrootcollectingthemassesof each
bodydisplaced- up to theentiremassof thebodyasin the
caseof asinglefoot support.Then,aswemoveupthechain
to the otherbodiesidenti�ed assupportbodies(but not in
contact),like theshank,we apply thesamealgorithm.One
way to calculatethis approximationis to take thetotal mass
of thebodyandsubtractout themassesof theoutwardbod-
iesassociatedwith thatsupportbodyas

TotalMass= å b2f BodyPartsgMass(b)
BranchMass(b) =

Mass(b) + å b02f OutPartsInSameBranch(b)g Mass(b0)
wf riction(b) = TotalMass� BranchMass(b)

TheOutPartsInSameBranch(b) returnsthesetof bodyparts
that are in the outward directionfrom the body part b and
alsobelongsto thesamebranch,whichis theoppositeof the
InPartsInSameBranch introducedearlier. The branchmass
is de�ned to be thesumof themassesof theoutwardparts
in samebranchplus the massof the body part b itself, and
wf riction(b) is foundby subtractingbranchmassfrom theto-
tal massof thebody.

Note,thefriction weightis computedin thesameunitsasthe
massdisplacementweight and thereforeno careful tuning
mustbedoneto combinethesetwo weights.Also, because
the friction weight dependson a singleposture,the weight
needonly be computedoncefor eachbody part for each
framein therepository.

Fig. 2 Possibletransitions.From top to bottom, left to right: a) un-
constrainedto unconstrained,b) unconstrainedto constrained,c) con-
strainedto unconstrained,d) constrainedto constrained.

4.3 Weightfor FramePair

The remainingquestionon weight assignmentis to deter-
minehow to assignweightsfor pairsof postures.Sofar, the
weightsareassignedfor just a singleposture,but the cost
needsto becomputedbetweenpairsof postures.Onesolu-
tion is to usethe weightsfor the sourceposture,so if tran-
sitioning from fi to f j is beingconsidered,the weightsfor
fi areusedandvice versafor the oppositedirection(from
f j to fi). However, this doesnot differentiatebetweenthe
caseswherethe transitiondestinationis constrained(Fig-
ure 2(b), 2(d)) and unconstrained(Figure 2(a), 2(c)). It is
importantto make this distinction,sincethetransitionfrom
constrainedto constrained(Figure2(d)) is morerestrictive
thanthe transitionfrom constrainedto unconstrained(Fig-
ure2(c)),makingtheformercasemoreproneto undesirable
visualartifactssuchasfoot skate.

To re�ect theeffectof bothpostures,theweightfor aposture
pair is computedas:

wpair( fi ; f j ) = wmass + wf riction; fi + wf riction; f j

Here, the weight is computedfor frames fi and f j , which
is de�ned asthe sumof the massdisplacementweight and
the two supportingweightsfor the two frames.In the def-
inition, the massdisplacementweight is addedonly once,
noting that its valueis equivalentfor both postures.By us-
ing thesum,wpair getscontribution from bothpostures,re-
sultingin assigninghighestweightto thetransitionthatgoes
from constrainedframeto constrainedframe.

5 Implementation

As a meansof comparison,we implementedtwo heuristic-
basedweightmetricsin additionto ourdynamics-basedone.
Thethreemetricsdifferonly in theweightassignmentscheme
of the body-partweights.Heuristic1 usesuniform weight
andfollows themetricsuggestedin [8]. It makesnodistinc-
tion betweenthe body parts.Heuristic2 usesad-hoc,non-
uniform weights,wherehigherweightsareassignedto the
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torsothanthelimbs.Thismetricis moresimilar to thosede-
scribedby Leeet al. [2002] andArikan andForsyth[2002],
althoughwe still incorporatethe point cloud andwindow-
ing conceptsthroughout.For this metric,we alsoassignan
extra weight to thesinglebodypart that is supportingmost
of themass,wheretheextra amountis a hand-selectedcon-
stant.Thedifferencebetweenour metricandHeuristic2 is
that our weightsaredeterminedbasedon massvaluesand
our metriccomputesvaluesfor supportingbodiesperframe
basedonany combinationof contactsin anautomatedfash-
ion, whereasthe weightsfor Heuristic2 arestaticandde-
�ned manually.

Thecomparisonmetricsareusedto constructmotiongraphs
for two motion databases,one consistingof a single long
sequenceof 4145frames(about34 seconds)of martialarts
�ghting and the other consistinga 3720 frames(about31
seconds)of concatenated,shorterreactionbehaviorssuchas
stumbling,stepping,and falling. We also testeda datase-
quencefor walking but found that eachmetric performed
indistinguishablywell becauseof the regularperiodicityof
themotion,sowechoseto leavethisdatasetoutof ouranal-
ysis.All of the resultsarederived usinga charactermodel
having 45 DOF, 3 eachfor 13 joints and6 for the position
andorientationof the root. The reactionbasedanimations
werenot includedin the�nal videobecause,while thetran-
sitions found by our metric werevisually moreappealing,
themotionsconcatenatedacrosstheboardleadto fairly non-
sensicalanimationsdueto the natureof the behaviors (not
the transitions.)As such,we choseto includethe database
for the analysisof the transitions,but we do not show any
animationsfrom this datasetso asnot to taint the reader's
perceptionof theresults.

To view animations,blendingis performedby applyinglin-
ear interpolationto the joint positionsandsphericallinear
interpolationto the joint orientationsusinganease-inease-
out weighting function. Simple interpolationis usedhere
to ensurethat the visual quality of the blendedsequence
dependsmainly on the closenessof the selectedtransition
points and not on the blending techniqueused.Applying
foot-skatecleanupwill resultin better-looking motion than
whatis beingpresented.Thesupplementvideoshowsacol-
lectionof the exampletransitionsfrom eachsetdifference,
orderedby theirranks.By lookingatthetransitions,it canbe
seenthat morefoot-skatingis happeningon thoseselected
by theHeuristic1. Thesetransitionsareobviously selected
becausethesourceandthe target framesareclosein terms
of thepositionaldifferencesof their body. But they arenot
chosenby our dynamicsschemebecausethetransitionhap-
pensbetweentwo constrained,doublesupportposturesand
the metric assignsa high penaltyfrom friction weightsto
bothof thelegs.

6 Resultsand Analysis

Figure6showsthenormalized2Dcostmatricesfor the�ght-
ing database,comparingour metric andHeuristic1. A 2D

(a)Costsfrom dynamics-basedmetric

(b) Costsfrom Heuristic1

(c) Difference(Dynamics- Heuristic1)

Fig. 3 2D costmatricesfor martial arts�ghting data.Intensitiesrep-
resentnormalizedcosts,wherelow intensity(dark spots)representa
closematchandhigh intensity(bright spots)representa poor match.
The differencematrix (c) shows differencein normalizedcosts.Pos-
itive valuesareshown in blue,negative valuesareshown in red,and
zerodifferenceis shown in black.Pointson (c) denotethe transition
pointschosenby: ourdynamics-basedmetric(green),Heuristic1 met-
ric (magenta),andbothmetrics(white).
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costmatrix is a symmetricmatrix whoseentriesdenotethe
costs,so an entry at [i, j] having a valuec meansthat the
costto transitionfrom ith frameof sourceclip to jth frame
of targetclip is c. Thecomputedcostsarenormalizedby the
median,and thesevaluesareusedas the intensitiesin the
graph.The grid patternin both revealsthe structureof the
sequenceasthe �ghter throws fastattacksandthenreturns
to a neutralprotective stance.Thedarkspotshaving low in-
tensitycorrespondto low cost(agoodmatch),andthebright
spotshaving highintensitycorrespondto highcost.Onedis-
tinction is thatthedynamicsmetricleadsto acrisper, higher
contrastdistancematrix andhints at the metric's ability to
distinguishbetweenwhatit constitutesasgoodandbadtran-
sitions.Thelastmatrix (c) showsthedifferencebetweenthe
normalizedcostsfor thetwo metrics,wheretheareasin red
denotethe transitionsfavoredby our dynamics-basedmet-
ric, andthe areasin blue denotethe transitionsfavoredby
Heuristic1 (again intensity is usedto show the sizeof the
difference).

The2D differencematrix revealslargediscrepenciesaswell
as interestingpatternsin the relative costsassigned,yet it
aloneis not suf�cient asa meansfor assessingquality. Be-
causethecostmetricisusedtodeterminethetransitionpoints,
it is important to observe the differencein the transition
points selectedby the two metrics.To �nd the difference,
T best transitionpoints are selectedfor eachof the met-
rics,returningthesetsTransPtdynamicsandTransPtHeuristic1.
Then,set differencesare taken in both directions,exclud-
ing all nearbytransitionsthatrepresentthetransitionswhich
connectthe samemotions(within a quarterof a second.)
Theseexcludedtransitionsareselectedby bothmetricsand
appearin thedifferencematrixaswhitedots.Theremaining
two sets,shown in magentaandgreenin thedifferencema-
trix, reveal thetransitionsselectedby onebut not theother.
Thesetransitionsallow us to moststronglydistinguishbe-
tweenthe visual aspectsof the transitionsselected.Thus,
we includeexamplesof thesetransitionsin theaccompany-
ing videofor thereaderviewing. For �ghting, the67 “best”
transitionswereselectedandof these11wereuniqueto each
metric.For thereactions,30transitionswereallowedand14
wereuniqueto each.

Selectingthe thresholdfor the cut-off betweenacceptable
andunacceptabletransitionscanbe tricky andvarieswith
the samedistancemetric from databaseto databasein our
experience.Thus,wecameupwith ahelpfulmechanismfor
selectingthis threshold.For our results,thenumberof best
transitionpoints,T, is determinedbasedontherank-ordered
costsreturnedby thecomparisonmetrics.Figure4showsthe
normalizedcostsfor �ghting sortedin the increasingorder
of therank(duplicatetransitionswithin ashorttimewindow
arethrown out, hencethe total numberof transitionsvaries
and is lessthan the total numberof frames).The value T
is de�ned to bethepoint at which theslopeof thegraph(s)
change(s)afteran initial rampup. We reachedthis practice
empiricallybasedontheobservationthatindependentof the
weightingscheme(andotherfactors)thedatabaserevealed
a singularity point (aroundrank 67) after which the slope

Fig. 4 Shows thenormalizedcostsfor �ghting usingthemetrics.The
redverticalline shows theaveragepointwheretheslopesof thegraph
changes.

Startto End Arc Length
Fighting Reacting Fighting Reacting

Dynamics 9.0 8.2 10.6 9.9
Heuristic1 12.2 16.8 14.0 19.8
Heuristic2 12.8 17.0 14.2 19.3

Table1 Averagefoot-skatedistance(in cm)for all thetransitionscho-
senby thecomparisonmetrics.Start-to-endmeasuresonly thedistance
of theendpointsfor thetransitions.Arc-lengthapproximatesthepath
lengthtakenover thedurationof eachtransition.

of theerror valueschanged.Testingthe transitionson both
sidesof this singularity revealedit asa reasonablecut-off
betweengoodandbadtransitions.A similarexerciseleadus
to our cut-off for the reactiondatabase,setat rank 30. Our
interpretationof this resultis thata givendatabaseonly has
so many placeswheresegmentsrepeatthemselves within
someproximity andthatafterthebesttransitionsarepicked
off, the valuesof the for the rankschangein a noticeable
manner.

Note,althoughit mayseemthat thetransitionsselectedbe-
tweenmetricshave a gooddealof overlapandindeedmany
of themdo connectlogically similar motion segments,the
orderof the rankingsof individual transitionsis quite dif-
ferentacrossthe metricsand the precisecharacteristicsof
the transitionsselectedarealsoquanti�ably differenteven
thoughthey connectsimilar segments.Onemeasureof this
differenceis the amountof foot skatepresentin the tran-
sitions selected.The averagefoot skatedistanceof the T
besttransitionsarecomputedandthe resultsareshown in
Table1. From this analysiswe canseethat our dynamics-
basedmetricselectstransitionswith reducedtheamountof
foot-skatingonaverage.

We includetwo additionalgraphsthatattemptto reveal the
effect of othercomponentsof themetric.Figure5(a)shows
the graphsof the costscomputedby using the positionof
the point cloudsandby usingthe positionandthe orienta-
tion of the body (centerof mass.)The costscomputedus-
ing thepoint cloudshasgreaterdeviation,which makesthe
transitionsselectedbasedon suchcost to be morereliable
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(a)Pointcloudvsspatialposition

(b) Comparisonof alignment

Fig. 5 Comparisonof differentcomponentsof a comparisonmetric.
Graphsshow thenormalizedcostsby differingoneof thecomponents.

becausethetransitionsaremoredistinct.Thus,weconclude
that point cloudsare preferrable,potentially only because
they combinethe position and rotation information into a
singleuni�ed value.We alsoperformedan analysisof two
different alignmentschemes.Figure 5(b) shows the com-
parisonbetweenthe two techniquesfor aligning the frame
windows, oneusingthe optimal alignmentasdescribedby
Kovar et al. [8] and anotherusing the centerframeof the
framewindow for alignment.Theresultinggraphshavesim-
ilar structure,suggestingthat the choicebetweenthe two
alignmenttechniquesis insigni�cant in termsof the costs
thatthey return.

7 Discussionand Conclusions

As onecanobserve from the associatedanimations,a no-
tabletrendin thetransitionpointschosenonly by Heuristic1
is that they involve a displacementof one or more highly

constrained(support)bodyparts.Suchtransitionpointsare
notchosenbyourdynamicweightingschemebecauseweights
assignedto the constrainedbody part makes the resulting
cost high, discouragingthe transitionfrom being selected
comparedto otherswith lesscostly displacements(for ex-
amplewhereonly arm movementis requiredin a standing
transition.)In contrast,theuniformweightingof Heuristic1
makesno distinctionbetweenthetwo, sinceequalweightis
assignedto bothconstrainedandunconstrainedbodyparts.
Thus,is it no surprisethatthefoot skateobservedis signi�-
cantlysmallerusingourmethod.

A lessobvious trendthat resultsfrom our approachis that
the transitionsselectedby our methodtend to take place
during periodsof high activity (ratherthanduring a static
pose),seethe �lmstrips in Figures6(a) and 6(b). This is
likely becausethey includea shift in (body) weight which
ourweightingschemeexploits.Thatis, whenanactionsuch
asa kick or leaptakesplace,thereis a breakin doublesup-
port andthis yieldsa `sweetspot' whena transitioncanbe
madewith minimal foot skate.Wealsobelievebasedonex-
periencethat transitioningduring active periodsis prefer-
able becauseviewers tend to be more forgiving of �a ws
during this period.Onesubtletywith thepresentedweight-
assignmentschemeis that it doesnot take thedirectioninto
account.For example,lifting anarmupis moredif�cult than
letting it fall, suggestingthat thedirectionof themovement
affectsthede�nition of weightsin additiontowhatisalready
incorporated.We leave this improvementfor futurework.

In conclusion,wepresentadynamicsbasedweightingscheme
for comparisonof transitionsselectedfor a motion graph
and �t our schemeinto an existing framework for assess-
ment.We compareresultsof our algorithm to that of two
alternatives designedto be similar to previous approaches
for two databasesandshow a reductionof foot skatearti-
factsacrossall cases.In addition,we presentsomegeneral
analysisandsuggestionsrelatedto selectingthresholdsfor
metricsandthesensivity of metricsto factorssuchasalign-
mentandthemethodof computingdistancesbetweenbody
parts.While humanperceptionwill remaintheultimatetest
of visual quality, we believe our methodleadsto quantita-
tive (andqualitative) improvementbasedon inherentcom-
putabledynamiccharacteristicsassociatedwith motiontran-
sitions(andnaturalmotion, in general)andthatour results
yield higherquality motionwithout theneedfor humanin-
tervention.
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