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Abstract

Providing a machinewith the ability to learn and use
modelsof natural interactionis a challengingandlargely
unaddessedroblem. A frameworkis developeanabling
boththeacquisitionof interactionbehaviourdfromthe ob-
servationof humansandtheuseof theacquiredbehaviour
modelsto simulatea plausiblepartnerduring interaction.
Statistically basedinteraction behaviourmodelsare ac-
quired automaticalyy from the observationof interacting
humans.Interactionwith a virtual humanis achievedus-
ingthemodeltogethemwith a stochasti¢rackingalgorithm.
Experimentatesultsdemonstrat¢hegeneratioranduseof
themodelfor a simplehumaninteraction.

1. Intr oduction

In recentyearsmanyresearchersavebecomenterested
in the developmenbf techniquego allow a morenatural
form of interfacebetweenthe userandthe machine,util-
ising interactivespace®quippedvith camerasandmicro-
phonesvheresuchtechniqgueganbedevelopedndtested
(see,for example,[11]). In achievingthis goal, it is es-
sentialthat the machineis ableto detectandrecognisea
wide rangeof humanmovementsand gesturesand this
hasbeena principalavenueof research{see for example,
[2,3,4,5,8,10,13]). Wewishto investigatehe provision
of naturalusermachineinteractionfrom a differentstand-
point,allowingthemachinego acquiremodelsof behaviour
from the extendedbservatiorof interactiondetweerhu-
mans,and usingtheseacquiredmodels,to equipa virtual
humanwith theability to interactin anaturalway. Thispa-
perdescribesinovelapproacho interactiormodelling,us-
ing arelativelysimpleinteractiorfor ourexperiments that
of shakinghands.

Training datais acquiredby automaticallylocatingand
trackingindividualswithin a video corpusof typical inter-
actions.Interactionsaremodelledby meanf apreviously
developedstatisticallypasedmodellingschemevhich al-

lows behaviourdo belearntfrom theextendebservation
of imagesequence§r]. Interactionis representedsthe
joint behaviourof objectsilhouettegust asKakushoet al.
considefjoint behaviouin theirrecognitionof socialdanc-
ing [8]. Themodelis enhancedo enablethe extrapolation
of realisticfuture behaviours.

Having learnta generativeinteractionmodelfrom the
observatiorf imagesequencesontainingndividualsper
forming simpleinteractionsjnteractionwith a virtual hu-
manis investigatedThemodelprovidesnformationabout
how an interactionmay proceedn the form of a Markov
chain,andinteractionwith a virtual humanis achievedy
following a paththroughthis chain suchthat, asthe in-
teractionproceedsthe realhumans silhouettecontinually
matcheshalf of the joint silhouetterepresentedvithin the
model.In aBayesiarapproacttio interactiortracking,mul-
tiple interactionhypothesesre stochasticallypropagated
throughthe modelby a methodbasedn IsardandBlake's
CONDENSATION algorithm[6].

2. Acquiring training data

The ®rststageof the behaviourmodelling processn-
volvesthe acquisitionof orderedsetsof training datarep-
resentingnstancef the humaninteractiongo belearnt.
Eachof thesesetsdescribeghe stateof interactingindi-
vidualsatregularintervalsthroughoutninteraction.Each
stateconsistf theinstantaneouspatialcon®guratiorto-
getherwith its ®rstderivative. It is assumedhatindividu-
alsareviewedsuchthattheircon®guratiocanbedescribed
by left-handandright-handshapestogethemwith their sep-
arationandrelativesize. In our experimentstraining data
is acquiredby trackinginteractingindividualsin anunclut-
teredsceneyiewedwith astaticcamergseeFigurel).

Tracking is accomplishedising an extensionof a sil-
houetteextractiormethodusedby Baumbeg andHogg[1]
to collecttrainingdata. Using backgroundmagesubtrac-
tion to locatemovingobjects this systemprovidesa basic
trackerrequiringcarefuluse. Objectshapeis represented
by then controlpointsof acloseduniformB-splineapprox-



Figure 1. Image from a simple interaction.

imatingthe silhouetteboundary:
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where control points are evenly spacedaroundthe sil-
houette and are orderedrelative to a consistentpoint
of referencewhich also de®nesthe object's position

X x Y vy . The methodfor the location of this
referencgpointhasbeenenhancedrom[1] to allow thetop
of anindividual'sheadto be moreaccuratelylocated.This
enhancemeninvolves local adjustmentof the reference
point suchthat it coincideswith the locally highestpart
of the silhouette. Figure 2 illustratesthe shaperepresen-
tation, showing control points as circles with reference
pointsshown®lled. The trackerprovidesframe by frame
updatedo the shapeS andheighth (bothin imageplane
coordinatesdf uniquelylabelledobjects.

Figure 2. Spline-based shape representation.

Interactions representedsthejoint behaviouiof object
silhouettesgncodingtheir shapesseparatiorandrelative
scaleimplicitly. At anyparticularinstantthejoint con®gu-
rationis describedy acombinedshapevectorC =~ A% 2:

C S Sds (2)

whereS- andSR arethe shapevectorsof theleft-handand
right-handndividuals.S- andSR aretransformednto actor

centredcoordinatesandscaledby their respectiveneights
(ht and hR) suchthat all componentsare in the interval
0 1. Normalisatiorof combinedshapesectordn thisway
enablegheintegrationof datafrom differentsequencedd
ands arecomponentslescribingrelative horizontalactor
separatiorandrelativeactorscale de®nedsfollows:
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Thetrackerprocesseffamesat a ®xedrate,resultingin
sequencesf combinedshapevectorsrepresenting tem-
porally uniformsamplingof theinteraction.Dueto inaccu-
raciesin thetrackingprocessgombinedshapevectorswill
be subjectto high frequencynoisewhich is minimisedby
smoothingvectorsovera movingtemporalwindow.

The temporalevolutionof aninteractionis represented
by an orderedsetof statevectorsF; A8 4, consisting
of thecombinedshapevectorC; andits scaled®rstderiva-
tivel &, approximatedy thedifferencen combinedshape
vectorshetweersuccessivérames:
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In our experimentsthe training data consistedof 13
handshakesequencesecordedat 25 framesper second.
Silhouettesvererepresenteddy B-splineswith 32 control
pointsresultingin 130-dimensionatombinedshapevec-
tors. Smoothingwas performedusinga window of width
w 5. TrainingdatasetsF; of 260-dimensionadtatevec-
torswere generatedisingl 10 to scalethe differential
components.

3. Learning object behaviour models

Havingacquiredrainingdatasequencegninteraction
model representinghe range of observedbehavioursis
learnt. The modelis constructedn two stages.Initially,
aprobabilisticmodelfor the distribution of statevectorsis
learntfrom thetraining data. This is thenusedasthe ba-
sisfor a higherlevel modelfor the distributionof tempo-
ral sequencesf statevectors- the behaviourmodel. The
methodis describedin detail in Johnsonand Hogg [7],
wherethemotionbehaviourof pedestriangs modelledfor
eventrecognitionpurposes.

The probability densityfunction over the statevector
spacg/A® 4) is modelledby the distribution of prototype
vectorsplacedby aniterative vectorquantisatior{9], im-
plementedy arobustcompetitivelearningneuralnetwork
[9, 12]. Vectorquantisatiorof the statevectorsF; from the



trainingdatasetsk; resultsin asetof u stateprototypesh}:
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Stateprototypesandatemporalpatternformationstrat-
egy are usedto encodedifferentlength statevector se-
guences. The resultingbehaviourvectorsthus represent
behaviourhistories. The temporal patternformation is
achieveddy consideringhe proximity of successivérain-
ing vectorsfrom F to the stateprototypesA. The prox-
imity p;; of a trainingvectorF; to a stateprototyped de-
creasedinearly from oneto zeroasthe distancebetween
themincrease$rom zeroto themaximumseparationvithin
theunit hypercubestatespace:
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Eachcomponentz of a behaviourvectorG ~ AY corre-
spondso astateprototyped andis initially zero(zo 0).
Successiv®ehaviourvectorsare calculatedoy applyinga
conditionaldecayoperatotto eachcomponent:
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wheregis a decayconstanin theinterval 0 1. Thisre-
sultsin theformationof anorderedsetof behaviouwectors
Gt:

G Gy Gy Gm (11)

Theform of Equationl0allowsbehaviouwectorsto retain
atraceof theclosesproximity betweereachprototypeand
previouslypresentedraining vectors thusforming a tem-
poral sequenceepresentationThe memoryof this repre-
sentationis governedby the decayconstanty It is possi-
ble to drawparallelsbetweerthis methodandthe motion-
historyimageformationof Bobick andDavis[2].
Theprobabilitydensityfunctionoverthebehaviouwvec-
tor spacgAY) is againmodelledoy the distribution of pro-
totypevectors.Vectorquantisatiorof thebehaviouwvectars
Gt from setsG; resultsn asetof v behaviouprototyped5;:

B Ad B .H (12)

In ourexperimentsasetA of 300260-dimensionaitate
prototypeswere learnt from 1,000,000iterationsof vec-
tor quantisatiorof vectorsfrom the training datasetsF;.
The training datasetsF; andthe setA of 300 statepro-
totypeswere usedto generatesetsG; of behaviourvec-
torsusinga decayconstaniof g 0 995. A setB of 300
300-dimensionabehaviourprototypeswere learnt from
1,000,000terationsof vectorquantisatiorof vectorsfrom
thebehaviouvectorsetsG;.

(@) (b)

Figure 3. Behaviour modelling results.

Figure3(a)illustratesone of the prototypesunderlying
the statedistribution. Thedifferentialcomponentsireused
to generatethe brief motion history shown. Figure 3(b)
showsthelastfew framesof aninteractionsequencevhich
mapscloselyto one of the prototypesunderlyingthe be-
haviourdistribution.

4. Behaviour extrapolation

The behaviourmodels developedare capableof be-
haviourrecognitionandtypicality assessmelfseeJohnson
andHogg [7] for more details),but havelimited genera-
tive capabilitiesdueto the non-invertiblenatureof the de-
cay operator(Equation10). Behaviourprototypescannot
be employedto generateéhe sequencethey represental-
thoughthecurrentstatecanbeapproximatedy ®ndingthe
stateprototypecorrespondingp thehighestvaluedcompo-
nent.Behaviouextrapolations achievedy theadditionof
astatebasedextrapolatiorschemetheparametersf which
arederivedduringa furtherlearningphase.

Behaviourextrapolationis performedby traversinga
Markov chain which hasa single statecorrespondingo
eachbehaviourprototype. Extrapolationsare generated
from the currentchainstate which canbeidenti®edising
the behaviourmodelfor recognition,andproceedhrough
the chainuntil the end stateis reached. Traversalof the
chainresultsin the productionof the currentstateproto-
typesassociatedvith eachvisited chainstate. Sinceeach
behavioumprototyperepresents behaviourhistory, the su-
perimposecd:hainis more strongly Markovianthanif the
chainweresuperimposednthestateprototypesthusform-
ing amorepowerfulextrapolatiormodel.

TheMarkov chainis de®nedy asetof v 1 statess:

E eaeae ae:1 (13)

together with the transition probabilities P e; at r
1 g atr wherer denotesthe extrapolationstep. Each
statecorrespondso a behavioumprototype(e; 1) except



e, 1 which representshe endstate For conveniencethe
form & g will be usedto representhe state prototype
correspondingp eachstatee, of theMarkovchain. At each
extrapolationstep,a successostateis selectedby either
samplingfrom thetransitiondistribution,or identifyingthe
mostprobablesuccessor

The statetransitionprobabilitiesareestimatedrom the
relativefrequencyof transitionsbetweerbehavioumproto-
typesobservedn the training data,taking the closestbe-
haviour prototypeat eachtime instant. Only transitions
causingstatechangeareconsidered.

Traversingsuchachainto performbehaviouextrapola-
tion resultsin anorderedsetof statevectors# g, associ-
atedwith visited chainstates:

Q &g, de, 4&Ag (14)

wherethetime intervalbetweersuccessivstatevectorsis
initially unspeci®edande;;, theinitial chainstate is iden-
ti®edusingthe behaviourmodel. To ensurea smoothjoin
betweerpreviousbehaviouandtheextrapolation& g, Is
replacedoy the currentinteractionstater;.

To generatean output statevector sequenceat video
framerate, an interpolantof Q mustbe sampled. Since
changen combinedshapemaybenon-lineara(cubic)Her
mite interpolationis used.Assumingzeroaccelerationthe
timeintervalT, betweersuccessivstatevectorscanbeap-
proximatedby the meanspeedof combinedshapevectors
from& e, andde | :
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TheHermiteinterpolanis de®nedby theendpoint<C,; and
C, 1 andtangentvectors€& and& ; (scaledby T;). Us-
ingtheapproximateéimeintervalsandinterpolantbetween
successiverectors,an orderedsetof statevectorscanbe
produceddy samplingat dataframerate:

P Fi1F 2 Fe (16)

In the absencef a fragmentof behaviourfrom which
to extrapolateentirelyhypotheticakequencesanbegen-
eratedusinganinitial statedistributionto selecttheinitial
states:

S pip2 pviby P Pegatr 0 (17)

The selectionof a statefrom S canbe basedon sampling
from thedistribution,or identifyingthe mostprobablestart
state. Sis approximatedrom the relative frequencyof

startingat particularbehaviourprototypesin the training
data.

In our experimentsa 301-stateMarkov chainwasasso-
ciatedwith the300behaviouprototyped3, andtraineddur-
ing a furtherlearningphase.Figure4 illustratesthe com-
binedshapecomponentsf the ®rstfew framesof two ex-
trapolationgyeneratedisingthis chain.

)
-

Figure 4. Behaviour extrapolation results.

5. Performing virtual interaction

A modellingframeworkhasbeendevelopedvhich en-
ablesthe analysisand generatiorof interactionbehaviour
from the observationof characteristicoehaviours. The
samemodelsmay also be usedto simulatethe evolving
shapeof aplausiblepartnerduringaninteractionwith aper
son. Two approacheo this problemarepresentedvhich
correspondo subtlydifferentobjectives.

Aswell asallowingbehaviouextrapolationtheMarkov
chainrepresentthespacef learntbehaviousequencedf
suchchainsarelearntfrom afair sampleof theinteraction
populationthenany naturalinteractionwill follow one of
the possiblepathsthroughthe chain. The virtual humans
behaviourcanthereforebe entirelyde®nedy the Markov
chain.Naturalinteractionwith ahumanis achievedy pro-
viding responsesuchthat the resultingsequencef state
vectorsformsavalid paththroughthe chain. Sinceno be-
haviourrecognitionis required,the chainis usedin isola-
tion from thebehavioumodelswhichit enhanced.

5.1.Singlehypothesispropagation

One approachto performing virtual interactionis to
propagate singleinteractionstatehypothesidd  through
the Markov chain,usingthe evolvingshapeof therealhu-
manto choosethe startstateandthe transitionswhenre-
quired.H; isapair F; f; whereF; is astatevectorand f;
identi®eghe currentchainstate.At eachtime instantt, the
scaledshapevectorS”, position X YH andheighthf! of
thehumanrareextractedromthecurrenimageasdescribed
in 2. Theextentowhichahypothesidd ; F; f; iscon-
sistentwith the currentshapeof the realactorS!” is given
by the Euclideandistanceébetweershapevectors:

ERSY mn g § § & (18)

whereS- andSR arederivedfrom F;, andtheminimisation
alsoidenti®eghe humans positionwithin theinteraction.



Interactiorwith avirtual humanis achievedvith thefol-
lowing algorithm:

1. Selectthe initial hypothesisH o from the set X of

all potential initial hypothesessuch that the error

E Fo %’ is minimised.The potentialhypotheseX o

aretakenfromvalid initial chainstatesvherep; 0.

Producehevirtual humans responséS[V fromH ;.

3. Selectthe future hypothesidH ; 1 from thesetX; 1
of all potentialfuture hypothesesuchthatthe error
EF 1 S* , is minimised.The potentialhypotheses
X 1 areextrapolationattimet 1fromH .

4. Repeasteps2+3until theendstateis reached.

n

Thevirtual humans respons&’ is producedrom hypoth-
esisH ; by scalingandtranslatingthe shapevectorwhich
gaveriseto themaximumerrorin Equation18. Thistrans-
formationis achievedby re-arrangingequations3 and 4
andinsertingrelevantvalues(d: s X™ andhf). It isinter
estingto notethatsetX; ; will only containmultiplepoten-
tial hypothesesvhena decisionpointin the Markov chain
is reachedeforetimet 1.

When propagatinga single statehypothesisthe selec-
tion of thestartstateandeachsuccessastate®xegherange
of possiblefuture behavioursThis hastwo importantcon-
sequenceskFirstly, if noisydataor modelinaccuraciese-
sultin anundesirableselectionrecoverymaynotbepossi-
ble. Secondlyat pointswherethe setof potentialhypothe-
sescontainamultiple (approximatelyequallyminimal hy-
pothesegheselectiorbecomesrbitraryandmayresultin
distinctly differentfuture behaviours.This canbe viewed
asempoweringhevirtual humanwith thetaskof decision-
makingin suchsituations.

5.2.Multiple hypothesispropagation

A more robustform of interactionin which the hu-
manfully determineshe progresof theinteractioncanbe
achievedrom the stochastigropagatiorof multiple state
hypothese# ;. This formsa Bayesiarapproacto track-
ing theinteraction propagatingconditionaldensityrepre-
sentation:

PRS' S ups'rRPRS, & (19

whereP Fy §' S istheconditionaldistribution of in-
teractionstategivenanobservatiorhistory, P Sf' F; mea-
sureghelikelihood of a stateF; giving riseto observation
S andP F S, S is the prior distributionrepre-
sentingpredictiondfromP F; 1 §';, S, theposterior
distribution from the previoustime step.

In amethodbasedon the CONDENSATION trackingal-
gorithmof IsardandBlake[6], the posteriordensityis rep-
resentedby asetof samplehypothesegjeneratedisingthe

likelihoodto weightsamplingromtheprior - factoredsam-
pling. A Gaussiarikelihoodfunctionis used basecdnthe
hypothesiserrorE F} §' :

i EF g2

PSR ep —5— (20)
Interactionwith a virtual useris achievedwith thefol-

lowing multiple hypothesigpropagatioralgorithm:

1. Generat@asetXof N hypotheseto representheini-
tial prior, whereX is obtainedundersamplingwith
replacementrom theinitial statedistributionS

2. ForeachH; Xy, usetheerrorE Fi §' tocalculate
thelikelihood of the hypothesisusingEquation20.

3. Userelativelikelihoodvaluego weightsamplingrom
X, theprior, resultingin asetY; of N hypothesesep-
resentinghe posteriordistribution

4. Producehevirtual humansresponsé’ fromthehy-
pothesisH,' Y; with maximumlikelihood.

5. Generat@newsetX; 1 of N hypotheseto represent
thenewprior, whereeachH ; ; X, 1isastochastic

extrapolatiomattimet 1 fromH { Y.
6. Repeastep2+5until theinteractionis complete.

Responseggenerationis unchangedfrom the single hy-

pothesisapproach.Whengeneratingstochastiextrapola-
tions,noiseis introducedo thetimeintervalapproximation
(Equationl5). This allows modeluncertaintyto be repre-
sentedresultingin amorereasonabl@rior. Noiseis sam-
pledfrom auniformdistributionover %T %T andadded
to thetime interval. This distributionis biasedowardsde-

creasingthe approximatetime interval to compensatéor

the modelstendencyto overestimatehetime interval be-

tweenstatevectorsrepresentingtaticshapes.

The propagatiorof multiple hypothesesepresenting
conditionaldensityformsa robustapproacto trackingan
interaction. The algorithmdescribeddoesnot fully realise
this potentialin onerespect thevirtual humansresponse
is generatedrom the hypothesisvith maximumlikelihood,
andnotthatwith maximurma posterioriprobability. Since
the posterioris representedby the H ; Y;, the maxima
could be locatedby calculatingthe numberof hypotheses
thatfall within a hyperspheref radiusd, centredon each
hypothesis:

max FleFlOFy dj o (21)

wherethevalueof d could be determinedexperimentally

In our experimentsthe 301-stateMarkov chainandthe
multiple hypothesipropagatioralgorithmwereusedo en-
ableinteractionwith avirtual human.A valueofs 005
was usedin the likelihood function and 200 hypotheses
werepropagated.



Dueto the computationatequirementsf thealgorithm
describedourinitial experimentfavebeenperformedff-
line. We ®rstattemptedto generateest databy captur
ing sequencesf asinglepersorperforminga blind' hand-
shake It was,howeveysoondiscoveredhatthe behaviour
exhibitedwas markedlydifferentto that exhibitedin real
interactions. To compensatdor this inability to behave
naturallyin the absenceof an interactingpartney testse-
guencesnvolving two individualswere capturedandone
of theindividualswas maskedbeforeobjecttrackingwas
performed.

Figure 5. Virtual interaction results.

Figure5 showsa selectionof framesfrom a virtual in-
teractiontestsequenceln eachframe,thevirtual humanis
displayedas a black silhouette. Observatiorof the entire
setof hypotheseduringtheinteractionsuggests distribu-
tion with a modeat the maximumlikelihood stateandfur-
thertransientmodedescribingalternativepathsatdecision
pointsin thechain. This distribution rapidly tails off along
pastandfuture paths. Modesdescribingalternativepaths
tendto diminishrapidly oncethe currentshapeof thereal
actorbecomesnconsistentvith the hypotheses.

6. Conclusions

A statistically basedinteractionbehaviourmodel has
been presentedwvhich enablesboth the learning of be-
havioursfrom the observatiorof interactinghumans and
theuseof theacquirednodelgo providerealisticresponses
during interaction. Interactionwith a virtual humanhas

beenachievedsia arobustmultiple hypothesigpropagation
algorithm. Experimentdasedon a simplehumaninterac-
tion showencouragingesults. In the future we envisage
theuseof moredetailednodelsof individualsandtheirbe-
haviours capableof richerkindsinteraction(akind of \ir-
tual Immortality ?).
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