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Abstract Motion graphapproachesocuson the re-useof
characteranimationcontainedin a motion-capturereposi-
tory by connectingsimilar framesin the databasevith tran-
sitions.Becaus¢heoutputanimationof amotiongraphcomes
directly from the motion capturedataexceptfor the transi-
tions, the quality of the motiondependdargely on thetran-
sition pointsselectedIn this paper we investigatecompari-
sonmetricsfor choosingransitionpoints,aimingatimprov-
ing thevisual quality of animationggeneratedisingmotion
graphsSpeci cally, we focusontheweightassignedo each
bodypart,whichre ectstherelative signi canceof thebody
parton the quality of the generatednotion. We introducea
novel weightingschemebasedn anestimatiorof thechar
acters dynamics,which assignswveightsfor eachbody ac-
cordingto displacedmassandsimpli ed friction terms.To
assesthequality of thetransitionsselectedy ourproposed
dynamicmetric,we comparets resultsto previousmethods,
looking at bothvisualquality andquantitatve analysis.

Keywords animation,motioncapture charactemotion

1 Intr oduction

Realisticanimationof humanlile characterss anactive re-
searchareawith importantapplicationsin the movie and
gameindustries OneapproacHor generatingealistic,con-
trollablemotionis throughthe useof amotiongraph,which
gaineda greatdeal of visibility at Siggraph2002[1,8,10,
12,16]. Motion graphsare de ned asdirectedgraphsbuilt
by cuttingandconnectingsggmentsof motion capturedata.
They retainvisualquality by usingmotioncapturedatawhen-
ever possibleand allowing transitionsto take placewhen
motions snippets(or frames)are similar enough.Because
thesetransition points are selectedbasedon the costsre-
turnedby a comparisormetric, the choiceof the metrichas
directimpactonthequality of theconstructedanotiongraph.
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In this paperwe aim atimproving the visual quality of mo-
tion graphsby focusingon the comparisormetric usedto
nd thetransitionpoints.

While thereareseveralcomponentshatmake up a compar
ison metric,we focuson theweightingparametersissigned
toindividualbodypartsthatareusedn pairwiseframecom-
parisons.In particular we setout to de ne an assignment
schemethat automaticallyselectsweight valuesfor indi-
vidual body partsbasedon pertinent,quanti able dynamic
propertieghat affect the quality of the transitions.To meet
our goal, we approximatethe charactess dynamicsby ac-
countingfor masglisplacemenacrossatransitionaswell as
simpleconstraintslerived from groundcontactandfriction.
Our assertions thata goodtransitionis onewhich matches
circumstancesnd minimizes violations basedon the dy-
namic conditionsseenby the characterover the duration
of the proposedransitionperiod. Intuitively, our dynamics
baseddistancemetric penalizedarge (mass)displacements
and unnaturalsliding contactswith the ground(e.g. “foot
skate”.)

While we focuson motioncomparisorweightsin this paper
we strive for mechanism#or evaluatingboththe metricand
the quality of the motion producedusingthe motion graph
approach.Thus, a secondanyeg of this effort emphasizes
analysisandevaluationof the producedmotion transitions.
In a straightforvardmanneyour algorithm’s selectedransi-
tions are evaluatedin comparisorto two previous methods
basednvisualqualityandguantitatve analysisIn addition,
we introduce ndings thatprovide insightsin regardsto as-
sessmendf distancemetricsin generabswell asaquanti -
cationof the numberof transitionsonemight expectto nd
basedon a given databaseThe latter leadsto a methodfor
selectingmetricthresholds.

Themajorcontributionsof this paperare:

— An automatic,dynamics-basedssignmenschemefor
comparison.

— Introductionof body massdisplacemenasa methodfor
transitionevaluation.
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— Quantitatve reductionin amountof “foot skate"result-
ing from motiontransitions.

— Assessmendnd practicalsuggestionselatedto the se-
lectionanduseof comparisommetricsfor motiongraphs

2 RelatedWork

Severalresearchersave proposedvaysto reusemnotioncap-
ture databy treatingit asaninputto build new animations.
One suchtechniqueis to createanimationsby taking dis-
joint sggmentsof motion capturedataandconnectinghem
throughasimpletransition[14,1,8,10,12,16,13,2]. Recently
Ikemotoet al. alsointroduceda methodfor generatingran-
sitionsautomaticallybetweerary frameandary otherframe
in amotiondatabasesingmulti-way blends[7].

In our work, we focuson the distancemetric usedto evalu-
atemotion transitionsandhighlight a few distinctmethods
herefor referenceln Kovar etal. [8], amotiongraphstran-
sition pointsareselectedy searchingor similar framesin
themotiondatabaseisinga comparisormetricwhichis the
Euclideandistancebetweerrepresentate tracepointsdis-
tributedover thecharactes bodymodel.A “window' of ac-
tion is incorporatednto the metric by taking the weighted
sumof the distancedor severalframesbeforeandafterthe
timesof thetestframes.We usethis methodasour baseline
(Heuristic 1) in this paper Arikan and Forsyth constructa
hierarchicalmotiongraphandperformarandomizedearch
onit to generatamotionthatful lls userconstraintg1]. In
their effort, thecomparisorof framesis performedby align-
ing therootsandusingthejoint position,joint velocity, torso
velocity, andtorsoaccelerationThejoint weightsarevaried
dependingon the signi cance,asin our metric, but the val-
uesare chosenempirically in their metric. We constructa
seconcdheuristicmeasuréasedon their techniquefor com-
parisonaswell. Lee et al build a two-layergraphstructure
usingaHiddenMarkov Model[10]. The comparisormetric
usedby Lee et al is basedon the differencein joint angles
andjoint velocities,wherethe sumis taken over manually
selected'important” joints. They alsointroducethe notion
of contactstatessuggestinghatthe transitionsshouldtake
placeonly whenthereis a similar contactchangeoccurring
at the frame. We also accountfor contactchangesn our
weightde nition.

Severalstudieshave beenconductedo evaluatesynthesized
motionsincludingeditsor transitiondor motioncapturedata.
Evaluationsof motion graphscan be divided into two cat-
egories:analyzingthe quality of individual transitionsand
analyzingthe resultinganimationas a whole, for example,
basedon the coveragewithin an ervironment. Several in-
vestigationsrely on humaninput to assessaturalnesf
synthesizedmotions - where someassesgiuman percep-
tion of sgmentquality via userstudieqd17,22], while others
build statisticaimodelsto automaticallyassesguality based
onhand-labelledxampleq21,19,3,6]. Anotherstudyeval-
uatesthe physical correctnesof interpolatedmotion seg-

mentsand makesspeci ¢ suggestsn regardsto generating
morenaturallooking motion[20]. Evaluationtargetedatthe
resultsfrom the motion graphsin its entiretyhasbeenpre-
sentedby ReitsmaandPollard[18]. They introduceda met-
ric which measureshe capability of the motionsgenerated
by amotiongraphto navigatea charactewithin agivenen-
vironment.

Of theseefforts, the work describedoy Wang and Boden-
heimer[21] is relatedto oursin thatthey evaluatetransition
cost(following the metricintroducedby Leeetal [10]) and
focusontheweightassignmenschemeThey presentnal-
gorithm for assigningjoint weightsusing a training set of
transitionsthat are classi ed manuallyasvisually pleasing
or not. Theweightsarecomputedvia optimizationto mini-
mizethecontrikutionfrom theundesirabléransitionsTheir
work is similar to oursin that we both focus on weight-
ing schemeghat leadto naturaltransitions,but insteadof
using exampletransitionsto optimize the weights,we de-
terminethe weightsbasedon the dynamicsof a given mo-
tion sggment.Thisdistinctionenablesheweightassignment
schemeto be automatedand doesnot requirea manually
generatedrainingset.In this respectpurwork is moresim-
ilar to thatdescribedy Safonowa andHodgins[20] because
we computea dynamicsbasederror that penalizesphysi-
cally unrealistictransitions.

3 Comparison Evaluation

Thereare varioustechnigueghat can be usedto compare
motionsegments.n this paperwe basethe structureof our
comparisormetric on the onepresentedy Kovar et al. [8]
and investicpte the effect of using differentjoint weights.
Thus,webeaginthedescriptiorof ourmethodwith anoverview
of their comparisormetric.We alsore-implementheir met-
ric andusethis asa basisfor comparison.

Accordingto their comparisormethod,to computethe dis-

tanceerrorsfor a pair of frames,the distancefor a window

of framesis extractedand comparedThis window is a se-
guenceof framescontainingthe frameitself andthe nearby
frames,whosesizeis de ned asL + R+ 1, whereL andR

denotethe sizesof theleft andright windows, respectiely.

The costbetweentwo windows is de ned asthe weighted
sum of the costsfor individual pairs of framesin the win-

dow:

R
o

C(A:B) = a Mk c(Airk Ty (xy) Bj+ k)]
k= L
Here,C(A;; Bj) denoteshecostfor transitioningfrom awin-
dow centeredaroundframeA; to anotheraroundframe B;.
W is a changingframeweightfor the kth framein the win-
dow. In our implementationwe setthis value basedon a
guadraticfunction wherethe highestweightis givento the
centralframe (k = 0) anddecreasingveightis giventoward
theendsof thewindow. c(Ai+ k; Tg:(xy) Bj+ k) denoteshecost
for asingleframepair, A, andBj+, givenby the frame-
frame comparisonfunction c, and Ty (. is the alignment
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transformationapplied to the frame Bj+. The alignment
transformatioris a rotationalongthe vertical axis followed
by thetranslatioralongthegroundplane andit is computed
asananalyticalminimumof the nal cost.

Frame-frameomparisorassessehe similarity of two pos-
tures,returningthe quantitatve differencebetweerthe two.
The costbetweentwo posturess de ned asthe weighted
sumof the costfor eachbody part:
N Lty M
(i) = § Meedlinilin) g
= m=1

Here thecostis de nedfor posturestframesf; andfj, each
having N body parts.For eachbody, the positionaldiffer-

enceof M representatie points (termed point clouds') are
computeadusing cpes, Which denoteghe squarecEuclidean
distancebetweenthe correspondingpoints. The computed
costsare scaledby weight w for eachbody, which is uni-

form in their approach.The representadie pointsfor each

Cpos( fi;n;m; fj;n;m)

—
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Outward
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\

Fig. 1 Inward/outvard directionswith respecto the root. Root body
is shavn in dark.

is determinediy the amountof massthatgetsdisplacedoy
moving the body partassuminghatthe characteiis uncon-
strained(i.e. not in contactwith the ground).Note, kine-

body part are weightedequally so the averageof the sum matic constraintsare upheld,but we do not differentiateat
of M costsis usedasthe costfor the body partrepresented thjs point basecbn the environment.

by the points.For the sale of consisteng, unlessotherwise
speci ed, we follow their techniqueexactly exceptfor our
replacementf theweightsin w.

4 Dynamics-basedWeighting

To accountfor the dynamics,we estimatethe value of the
massfor eachbody part. This approximationcan be done
basedn volumeanddensityestimate®r setdirectly based
on known valuesfor humanbody parts.For further details
onthistopic, seg[5]. Fromthesemassesye couldcompute
theamountforce or changen momentunrequiredto move
a body partbasedon a given input trajectory(say the pro-
posedmotiontransition).However, unlesswe arewilling to
make assumptiondn regardsto the externalforcesareact-
ing, thesecalculationsbecomeintractible.Instead we pro-
posethat the dynamicscan be capturedoy computingtwo

Becausdhe humanbodyis connectedy joints, body parts
do not move independentlyFor example,if apersortriesto
move the upperarm, the lower arm andthe handwill move
together andif a persontries to move the lower arm, the
handwill move togetherin a similar manner We note the
upperarmdisplacesnoremassthanmoving thelower arm,
which suggestshatdifferencesn the shoulderjoint require
morework thanthe differencesn the elbav in general.To
incorporatesuchdifferenceswe de ne our massdisplace-
mentweightas:

Wiasdb) = Masgb) + & poor ouparts(byg Masgb)
wheremasdisplacemeniveightfor bodyb is de ned asthe
sumof the masse®f the partitself plus all of the outward
partsb® wherethe outwarddirectionis de ned asthedirec-
tion away from theroot. In otherwords,the outward parts
includeall body partsthatlie betweerb andthe branchtips
in the outward direction (seeFigure 1). In this fashion,we
accountfor the relative costof maoving the body parts,for

mass-basegropertieshataccounfor theunconstrainechass €xamplethe handvs. the pelvis basedon the total massdis-

displacemenandconstrainedfriction-basedsliding present
in thecomparednotions.

Thus,the comparisormetric we introduceis comprisedof
two distinct componentsmassdisplacementveights and
“friction' weights. Then, the weight for a given body part
b is de ned asthe sumof thesetwo typesof weights:
W(b) = Wmas{b) + Wtriction(0)

wherewmasdb) is a measureof the amountof massthatis
displacedoy moving a bodya givenamountandwijiction(b)
measureghe amountof resistencdelt by moving a body
againstfriction, imposedby groundcontact.

4.1 MassDisplacementWeight

Massdisplacementasbeenusedto assessotioneditspre-
viously [15]. In our schemethe massdisplacementveight

placed.

Note, the valuesof wmass remain constantthroughoutthe
simulation.Thevalueof wnasd{b) only depende®nthemasses
of thebody partsin the model,which doesnot changefrom
frameto frame.Thus,wmnasdb) canbepre-computedor each
bodypartin themodelto avoid redundantalculations.

4.2 Friction Weight

Themasdisplacemeniveightaccountsor movementin an
unconstraineervironment.Obviously, it is alsoimportant
to accounffor externalforces,especiallyfor groundcontact
which supportsthe charactes body and provides traction
for movement.One solution is to usethe body partsthat
arein contactwith the ground,which sufce asanapprox-
imationto avoid complec calculationg23]. However, body



4 Mikik o Matsunag, Victor B. ZordanUniversity of California, Riverside

partsin directcontactwith the groundarenottheonly ones
thatsupportthe body or feel theresultof friction resistence.
Thus, in additionto the body partsin direct contactwith
theground theinward partsof the supportingimb's branch
shouldbe penalizedaswell.

InPartsinSameBand(b) = fb%:b° 2 InParts(b) and
Branch(b% = Brand(b)g

Here,the inward bodies,I nParts, areall of the body parts
from b toward the root, which is the direct oppositeof the

outward parts mentionedin the previous subsection.The

Brandh(b) returnsthe branchthat body part b belongsto,

whichis eithertheheador oneof thefour limbs. Thesecond
half of the checkensureghat the body partb only affects
otherpartsof the bodythatbelongsto the samebranch.The
supportingbody for the frameis thende ned asall of the
body partsin groundcontactand all inward partsof them
thatbelongto the samebranch:

SupportingBody(f) =fb: IsContacingGround b)g [
% b°2 InPartsinSameBand(b)g

Thefriction weightis de ned to bethe amountof massdis-
placed,in this case basedon the amountof massthe body
partsupports.To computethe amountof massa body sup-
ports,we draw off of our obsenationthata bodyin contact
canbetreatedastherootandthen,aswe did before,we can
walk outthetreefrom thatrootcollectingthemassesf each
bodydisplaced up to the entiremassof the bodyasin the
caseof asinglefoot support.Then,aswe move upthechain
to the otherbodiesidenti ed assupportbodies(but not in
contact) like the shank,we apply the samealgorithm.One
way to calculatethis approximatioris to take thetotal mass
of thebodyandsubtractout the masse®f the outward bod-
iesassociateavith thatsupportbodyas

TotalMass= & pf godypartsy Masgb)
BranchMasgb) =

Masgb) + &por OuPartsIn&meBanch(b)gMasib%
Wiriction(D) = TotalMass BranchMasgb)

TheOutPartsinSameBand(b) returnsthesetof bodyparts
thatarein the outward directionfrom the body partb and
alsobelonggo thesamebranchwhichis the oppositeof the

InPartsinSameBand introducedearlier The branchmass
is de ned to be the sumof the masse®f the outward parts
in samebranchplus the massof the body partb itself, and
Wiriction(b) is foundby subtractingoranchmassfrom theto-

tal massof thebody,

Note,thefriction weightis computedn thesameunitsasthe
massdisplacementveight and thereforeno careful tuning
mustbe doneto combinethesetwo weights.Also, because
the friction weight dependson a single posture the weight
needonly be computedoncefor eachbody part for each
framein therepository

Fig. 2 Possibletransitions.From top to bottom, left to right: a) un-
constrainedo unconstrainedy) unconstrainedo constrainedc) con-
strainecdto unconstrainedj) constrainedo constrained.

4.3 Weightfor FramePair

The remainingquestionon weight assignments to deter
mine how to assignweightsfor pairsof posturesSofar, the
weightsare assignedor just a single posture,but the cost
needsto be computedbetweenpairsof posturesOnesolu-
tion is to usethe weightsfor the sourceposture soif tran-
sitioning from f; to f;is being consideredthe weightsfor
fi areusedandvice versafor the oppositedirection (from
f; to fj). However, this doesnot differentiatebetweenthe
caseswherethe transitiondestinationis constrainedFig-
ure 2(b), 2(d)) and unconstrainedFigure 2(a), 2(c)). It is
importantto malke this distinction,sincethe transitionfrom
constrainedo constrainedFigure 2(d)) is morerestrictve
thanthe transitionfrom constrainedo unconstrainedqFig-
ure2(c)), makingtheformercasemoreproneto undesirable
visualartifactssuchasfoot skate.

Tore ect theeffectof bothposturestheweightfor aposture
pairis computeds:
Wpair( fi; fj) = Wmass + Weriction: f; + Wrriction; f;

Here, the weightis computedfor framesf; and f;, which
is de ned asthe sumof the massdisplacementveightand
the two supportingweightsfor the two frames.In the def-
inition, the massdisplacementveight is addedonly once,
noting thatits valueis equivalentfor both posturesBy us-
ing the sum,wpair getscontribution from both posturesre-
sultingin assignindhighestweightto thetransitionthatgoes
from constrainedrameto constrainedrame.

5 Implementation

As ameansof comparisonywe implementedwo heuristic-
basedveightmetricsin additionto our dynamics-basedne.
Thethreemetricsdiffer only in theweightassignmenscheme
of the body-partweights.Heuristic 1 usesuniform weight
andfollows themetricsuggestedh [8]. It makesnodistinc-
tion betweenthe body parts.Heuristic 2 usesad-hoc,hon-
uniform weights,wherehigherweightsare assignedo the
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torsothanthelimbs. This metricis moresimilarto thosede-
scribedby Leeetal. [2002] andArikan andForsyth[2002],
althoughwe still incorporatethe point cloud and window-
ing conceptghroughout.For this metric, we alsoassignan
extra weightto the singlebody partthatis supportingmost
of themasswherethe extra amountis a hand-selectedon-
stant. The differencebetweenour metricandHeuristic2 is
that our weightsare determinedbasedon massvaluesand
our metriccomputesvaluesfor supportingoodiesperframe
basedbn ary combinationof contactsin anautomatedash-
ion, whereashe weightsfor Heuristic2 are staticandde-
ned manually

Thecomparisommetricsareusedto construcimotiongraphs
for two motion databasespne consistingof a single long
sequencef 4145frames(about34 secondspf martial arts
ghting andthe other consistinga 3720 frames(about31
secondsdf concatenatedshortereactionbehaiors suchas
stumbling, stepping,and falling. We alsotesteda datase-
guencefor walking but found that eachmetric performed
indistinguishablywell becausef the regular periodicity of
themotion,sowe choseto leave this datasebut of ouranal-
ysis. All of the resultsare derived usinga charactemodel
having 45 DOF, 3 eachfor 13 joints and 6 for the position
and orientationof the root. The reactionbasedanimations
werenotincludedin the nal videobecausewhile thetran-
sitions found by our metric were visually more appealing,
themotionsconcatenatedcrossheboardleadto fairly non-
sensicalanimationsdueto the natureof the behaiors (not
the transitions.)As such,we choseto include the database
for the analysisof the transitions,but we do not shav ary
animationsfrom this datasetso asnot to taint the readers
perceptiorof theresults.

To view animationshlendingis performedby applyinglin-
earinterpolationto the joint positionsand sphericallinear
interpolationto the joint orientationsusingan ease-inease-
out weighting function. Simple interpolationis usedhere
to ensurethat the visual quality of the blendedsequence
dependsmainly on the closenes®f the selectedransition
points and not on the blendingtechniqueused.Applying
foot-skatecleanupwill resultin betterlooking motionthan
whatis beingpresentedThe supplementideoshovs acol-
lection of the exampletransitionsfrom eachsetdifference,
orderedby theirranks By lookingatthetransitionsjt canbe
seenthat more foot-skatingis happeningon thoseselected
by the Heuristic1. Thesetransitionsare obviously selected
becausehe sourceandthetamgetframesareclosein terms
of the positionaldifferencesof their body But they arenot
chosenby our dynamicsschemebecausehetransitionhap-
pensbetweenwo constrainedgdoublesupportposturesand
the metric assignsa high penaltyfrom friction weightsto
bothof thelegs.

6 Resultsand Analysis

Figure6 shavsthenormalized®D costmatricedor the ght-
ing database¢comparingour metric and Heuristic1. A 2D

(a) Costsfrom dynamics-basethetric

(b) Costsfrom Heuristicl

(c) DifferencgDynamics- Heuristicl)

Fig. 3 2D costmatricesfor martial arts ghting data.Intensitiesrep-
resentnormalizedcosts,wherelow intensity (dark spots)represent.
closematchandhigh intensity (bright spots)represent poor match.
The differencematrix (c) shavs differencein normalizedcosts.Pos-
itive valuesare shavn in blue, negative valuesare shavn in red, and
zerodifferenceis shavn in black. Pointson (c) denotethe transition
pointschoserby: our dynamics-baserhetric(green) Heuristicl met-
ric (magenta)andbothmetrics(white).



6 Mikik o Matsunag, Victor B. ZordanUniversity of California, Riverside

costmatrix is a symmetricmatrix whoseentriesdenotethe
costs,soanentry at[i, j] having a value c meansthat the
costto transitionfrom ith frameof sourceclip to jth frame
of taigetclip is c. Thecomputedcostsarenormalizedby the
median,andthesevaluesare usedasthe intensitiesin the
graph.The grid patternin both revealsthe structureof the
sequencasthe ghter throws fastattacksandthenreturns
to aneutralprotectie stance The dark spotshaving low in-

tensitycorrespondo low cost(agoodmatch),andthebright
spotshaving highintensitycorrespondo high cost.Onedis-
tinctionis thatthe dynamicsmetricleadsto a crisper higher
contrastdistancematrix and hints at the metric's ability to

distinguishbetweerwhatit constitutesasgoodandbadtran-
sitions.Thelastmatrix (c) shavs thedifferencebetweerthe
normalizedcostsfor thetwo metrics,wheretheareasn red
denotethe transitionsfavored by our dynamics-basedet-
ric, andthe areasin blue denotethe transitionsfavored by
Heuristic1 (again intensityis usedto show the size of the
difference).

The2D differencematrix revealslargediscrepencieaswell
asinterestingpatternsin the relative costsassignedyet it
aloneis not sufcient asa meandfor assessingjuality. Be-
causehecostmetricis usedo determinghetransitionpoints,
it is importantto obsere the differencein the transition
points selectedby the two metrics.To nd the difference,
T besttransition points are selectedfor eachof the met-
rics, returningthe setsTransRgynamicsaNd TransRHeuristic1.-
Then, setdifferencesare taken in both directions,exclud-
ing all nearbytransitionghatrepresenthetransitionswhich
connectthe samemotions (within a quarterof a second.)
Theseexcludedtransitionsare selectedby both metricsand
appeain thedifferencematrix aswhite dots. Theremaining
two sets,shovn in magentandgreenin the differencema-
trix, revealthetransitionsselectedoy onebut not the other
Thesetransitionsallow us to moststrongly distinguishbe-
tweenthe visual aspectf the transitionsselected.Thus,
we includeexamplesof thesetransitionsin theaccompayp-
ing videofor thereaderviewing. For ghting, the 67 “best”
transitionswvereselectecindof thesel 1 wereuniqueto each
metric.For thereactions30transitionswvereallowedand14
wereuniqueto each.

Selectingthe thresholdfor the cut-off betweenacceptable
and unacceptabléransitionscan be tricky and varieswith
the samedistancemetric from databaseo databasen our
experienceThus,we cameup with a helpfulmechanisnior
selectingthis threshold For our results,the numberof best
transitionpoints, T, is determinedasedntherank-ordered
costgreturnedoy thecomparisommetrics. Figure4 shavsthe
normalizedcostsfor ghting sortedin the increasingorder
of therank(duplicatetransitionswithin ashorttime window
arethrown out, hencethe total numberof transitionsvaries
andis lessthanthe total numberof frames).The value T
is de ned to bethe point at which the slopeof the graph(s)
change(spfteraninitial rampup. We reachedhis practice
empiricallybasedntheobsenationthatindependentf the
weightingschemgandotherfactors)the databaseevealed
a singularity point (aroundrank 67) after which the slope

Fig. 4 Shawvsthenormalizedcostsfor ghting usingthe metrics.The
redverticalline shovs the averagepoint wherethe slopesof thegraph
changes.

Startto End Arc Length
Fighting | Reacting| Fighting | Reacting
Dynamics 9.0 8.2 10.6 9.9
Heuristicl 12.2 16.8 14.0 19.8
Heuristic2 12.8 17.0 14.2 19.3

Table 1 Averagefoot-skatedistancein cm)for all thetransitionscho-
senby thecomparisommetrics.Start-to-endneasuresnly thedistance
of theendpointsfor thetransitions Arc-lengthapproximateshe path
lengthtakenover the durationof eachtransition.

of the error valueschangedTestingthe transitionson both
sidesof this singularity revealedit asa reasonableut-of
betweergoodandbadtransitionsA similarexerciseleadus
to our cut-off for the reactiondatabasesetat rank 30. Our
interpretatiorof this resultis thata givendatabasenly has
so mary placeswhere seggmentsrepeatthemseles within
someproximity andthatafterthe besttransitionsarepicked
off, the valuesof the for the rankschangein a noticeable
manner

Note, althoughit may seenthatthe transitionsselectede-
tweenmetricshave agooddealof overlapandindeedmary

of themdo connectlogically similar motion sggments the
order of the rankingsof individual transitionsis quite dif-

ferentacrossthe metricsand the precisecharacteristicof

the transitionsselectedare also quanti ably differenteven
thoughthey connectsimilar sggments.One measureof this
differenceis the amountof foot skatepresentin the tran-
sitions selected.The averagefoot skatedistanceof the T

besttransitionsare computedand the resultsare shovn in

Table 1. From this analysiswe canseethat our dynamics-
basedmetric selectdransitionswith reducedhe amountof

foot-skatingon average.

We includetwo additionalgraphsthat attemptto reveal the
effect of othercomponent®f the metric. Figure5(a) shavs
the graphsof the costscomputedby using the position of
the point cloudsand by usingthe positionandthe orienta-
tion of the body (centerof mass.)The costscomputedus-
ing the point cloudshasgreaterdeviation, which makesthe
transitionsselectedbasedon suchcostto be morereliable
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(a) Pointcloudvs spatialposition

(b) Comparisorof alignment

Fig. 5 Comparisorof differentcomponentof a comparisormetric.
Graphsshav thenormalizedcostsby differing oneof thecomponents.

becausehetransitionsaremoredistinct. Thus,we conclude
that point cloudsare preferrable potentially only because
they combinethe position and rotation informationinto a
singleuni ed value.We also performedan analysisof two
different alignmentschemesFigure 5(b) shavs the com-
parisonbetweenthe two techniquedor aligning the frame
windows, one usingthe optimal alignmentas describecby
Kovar et al. [8] and anotherusingthe centerframe of the
framewindow for alignment.Theresultinggraphshave sim-
ilar structure,suggestinghat the choice betweenthe two
alignmenttechniquess insigni cant in termsof the costs
thatthey return.

7 Discussionand Conclusions

As onecanobsene from the associatednimationsa no-
tabletrendin thetransitionpointschoseronly by Heuristicl
is that they involve a displacemenbdbf one or more highly

constrainedsupport)body parts.Suchtransitionpointsare
notchoserby ourdynamicweightingscheméoecauseveights
assignedo the constrainedbody part makes the resulting
cost high, discouragingthe transitionfrom being selected
comparedo otherswith lesscostly displacementgfor ex-
amplewhereonly arm movementis requiredin a standing
transition.)In contrastthe uniformweightingof Heuristicl
makesno distinctionbetweerthetwo, sinceequalweightis
assignedo both constrainecandunconstrainedbody parts.
Thus,is it no surprisethatthe foot skateobsenredis signi -
cantlysmallerusingour method.

A lessolvious trendthat resultsfrom our approachs that
the transitionsselectedby our methodtend to take place
during periodsof high activity (ratherthanduring a static
pose),seethe Imstrips in Figures6(a) and 6(b). This is

likely becausehey include a shift in (body) weight which

ourweightingschemeaxploits. Thatis, whenanactionsuch
asakick or leaptakesplace,thereis a breakin doublesup-
port andthis yields a “sweetspot' whena transitioncanbe
madewith minimal foot skate We alsobelieve basedn ex-

periencethat transitioningduring active periodsis prefer

able becauseviewers tend to be more forgiving of aws
duringthis period.Onesubtletywith the presentedveight-
assignmenschemads thatit doesnot take the directioninto

accountFor example lifting anarmupis moredif cult than
letting it fall, suggestinghatthe directionof the movement
affectsthede nition of weightsin additionto whatis already
incorporatedWe leave thisimprovementfor futurework.

In conclusionwe presenaidynamicsasedveightingscheme
for comparisonof transitionsselectedfor a motion graph
and t our schemeinto an existing framework for assess-
ment. We compareresultsof our algorithmto that of two
alternatves designedto be similar to previous approaches
for two databasesndshov a reductionof foot skatearti-
factsacrossall casesln addition,we presentsomegeneral
analysisand suggestionselatedto selectingthresholdsor
metricsandthe sensvity of metricsto factorssuchasalign-
mentandthe methodof computingdistancebetweerbody
parts.While humanperceptiorwill remainthe ultimatetest
of visual quality, we believe our methodleadsto quantita-
tive (and qualitative) improvementbasedon inherentcom-
putabledynamiccharacteristicassociateavith motiontran-
sitions (and naturalmotion, in general)andthat our results
yield higherqguality motion without the needfor humanin-
tervention.
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