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Abstract

Providing a machinewith the ability to learn and use
modelsof natural interactionis a challengingand largely
unaddressedproblem.A frameworkis developedenabling
boththeacquisitionof interactionbehavioursfromtheob-
servationof humans,andtheuseof theacquiredbehaviour
modelsto simulatea plausiblepartnerduring interaction.
Statistically basedinteraction behaviourmodelsare ac-
quired automatically from the observationof interacting
humans.Interactionwith a virtual humanis achievedus-
ingthemodeltogetherwithastochastictrackingalgorithm.
Experimentalresultsdemonstratethegenerationanduseof
themodelfor a simplehumaninteraction.

1. Intr oduction

In recentyearsmanyresearchershavebecomeinterested
in the developmentof techniquesto allow a morenatural
form of interfacebetweenthe userandthe machine,util-
ising interactivespacesequippedwith camerasandmicro-
phoneswheresuchtechniquescanbedevelopedandtested
(see,for example,[11]). In achievingthis goal, it is es-
sentialthat the machineis able to detectandrecognisea
wide rangeof humanmovementsand gestures,and this
hasbeena principalavenueof research(see,for example,
[2, 3, 4, 5, 8, 10,13]). Wewish to investigatetheprovision
of naturaluser-machineinteractionfrom a differentstand-
point,allowingthemachineto acquiremodelsof behaviour
from theextendedobservationof interactionsbetweenhu-
mans,andusingtheseacquiredmodels,to equipa virtual
humanwith theability to interactin anaturalway. Thispa-
perdescribesanovelapproachto interactionmodelling,us-
ingarelativelysimpleinteractionfor ourexperiments- that
of shakinghands.

Trainingdatais acquiredby automaticallylocatingand
trackingindividualswithin a videocorpusof typical inter-
actions.Interactionsaremodelledby meansof apreviously
developed,statisticallybased,modellingschemewhichal-

lowsbehavioursto belearntfrom theextendedobservation
of imagesequences[7]. Interactionis representedas the
joint behaviourof objectsilhouettesjust asKakushoet al.
considerjoint behaviourin theirrecognitionof socialdanc-
ing [8]. Themodelis enhancedto enabletheextrapolation
of realisticfuturebehaviours.

Having learnta generativeinteractionmodel from the
observationof imagesequencescontainingindividualsper-
forming simpleinteractions,interactionwith a virtual hu-
manis investigated.Themodelprovidesinformationabout
how an interactionmay proceedin the form of a Markov
chain,andinteractionwith a virtual humanis achievedby
following a path throughthis chain suchthat, as the in-
teractionproceeds,therealhuman's silhouettecontinually
matcheshalf of the joint silhouetterepresentedwithin the
model.In aBayesianapproachto interactiontracking,mul-
tiple interactionhypothesesarestochasticallypropagated
throughthemodelby a methodbasedon IsardandBlake's
CONDENSATION algorithm[6].

2. Acquiring training data

The ®rststageof the behaviourmodellingprocessin-
volvestheacquisitionof orderedsetsof trainingdatarep-
resentinginstancesof thehumaninteractionsto be learnt.
Eachof thesesetsdescribesthe stateof interactingindi-
vidualsat regularintervalsthroughoutaninteraction.Each
stateconsistsof theinstantaneousspatialcon®gurationto-
getherwith its ®rstderivative.It is assumedthat individu-
alsareviewedsuchthattheircon®gurationcanbedescribed
by left-handandright-handshapes,togetherwith theirsep-
arationandrelativesize. In our experiments,trainingdata
is acquiredby trackinginteractingindividualsin anunclut-
teredscene,viewedwith a staticcamera(seeFigure1).

Tracking is accomplishedusing an extensionof a sil-
houetteextractionmethodusedby Baumberg andHogg[1]
to collect trainingdata. Usingbackgroundimagesubtrac-
tion to locatemovingobjects,this systemprovidesa basic
trackerrequiringcarefuluse. Objectshapeis represented
by thencontrolpointsof acloseduniformB-splineapprox-



Figure 1. Image from a simple interaction.

imatingthesilhouetteboundary:
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y1 �
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�
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�

(1)

where control points are evenly spacedaround the sil-
houette and are ordered relative to a consistentpoint
of referencewhich also de®nesthe object's position

� X � x1 �

Y � y1 �

. The method for the location of this
referencepointhasbeenenhancedfrom[1] to allow thetop
of anindividual'sheadto bemoreaccuratelylocated.This
enhancementinvolves local adjustmentof the reference
point suchthat it coincideswith the locally highestpart
of the silhouette. Figure2 illustratesthe shaperepresen-
tation, showing control points as circles with reference
pointsshown®lled. The trackerprovidesframeby frame
updatesto the shapeS andheighth (both in imageplane
coordinates)of uniquelylabelledobjects.

Figure 2. Spline-based shape representation.

Interactionis representedasthejoint behaviourof object
silhouettes,encodingtheir shapes,separationandrelative
scaleimplicitly. At anyparticularinstantthejoint con®gu-
rationisdescribedby acombinedshapevectorC 	 Â 4n
 2:

C ��� SL
�

SR
�

d
�

s


�

(2)

whereSL andSR aretheshapevectorsof theleft-handand
right-handindividuals.SL andSR aretransformedintoactor

centredcoordinatesandscaledby their respectiveheights
(hL and hR) suchthat all componentsare in the interval

�

0
�

1� . Normalisationof combinedshapevectorsin thisway
enablestheintegrationof datafrom differentsequences.d
ands arecomponentsdescribingrelativehorizontalactor
separationandrelativeactorscale,de®nedasfollows:

d �

XR � XL

hL �

(3)

s �

hR

hL �

(4)

Thetrackerprocessesframesata®xedrate,resultingin
sequencesof combinedshapevectorsrepresentinga tem-
porallyuniformsamplingof theinteraction.Dueto inaccu-
raciesin thetrackingprocess,combinedshapevectorswill
besubjectto high frequencynoisewhich is minimisedby
smoothingvectorsovera movingtemporalwindow.

Thetemporalevolutionof an interactionis represented
by an orderedsetof statevectorsFt 	 Â 8n
 4, consisting
of thecombinedshapevectorCt andits scaled®rstderiva-
tive l ÇCt, approximatedbythedifferencein combinedshape
vectorsbetweensuccessiveframes:

F � � F0 �

F1 ���������

Fm �

�

(5)

Ft
�

� Ct
�

l ÇCt 


�

(6)

In our experiments,the training data consistedof 13
handshakesequencesrecordedat 25 framesper second.
Silhouetteswererepresentedby B-splineswith 32 control
pointsresultingin 130-dimensionalcombinedshapevec-
tors. Smoothingwasperformedusinga window of width
w � 5. TrainingdatasetsF j of 260-dimensionalstatevec-
tors weregeneratedusingl � 10 to scalethe differential
components.

3. Learning object behaviour models

Havingacquiredtrainingdatasequences,an interaction
model representingthe rangeof observedbehavioursis
learnt. The model is constructedin two stages.Initially,
a probabilisticmodelfor thedistributionof statevectorsis
learntfrom thetraining data. This is thenusedasthe ba-
sis for a higherlevel modelfor thedistributionof tempo-
ral sequencesof statevectors- the behaviourmodel. The
methodis describedin detail in Johnsonand Hogg [7],
wherethemotionbehaviourof pedestriansis modelledfor
eventrecognitionpurposes.

The probability densityfunction over the statevector
space(Â 8n
 4) is modelledby thedistribution of prototype
vectorsplacedby an iterativevectorquantisation[9], im-
plementedby arobustcompetitivelearningneuralnetwork
[9, 12]. Vectorquantisationof thestatevectorsFt from the



trainingdatasetsF j resultsin asetof u stateprototypesÅa i :

A � � Åa1 �

Åa2 ������� �

Åau � 1 �

Åau �

�

(7)

Stateprototypesanda temporalpatternformationstrat-
egy are usedto encodedifferent length statevector se-
quences.The resultingbehaviourvectorsthus represent
behaviourhistories. The temporalpattern formation is
achievedby consideringtheproximity of successivetrain-
ing vectorsfrom F to the stateprototypesA. The prox-
imity pit of a trainingvectorFt to a stateprototypeÅa i de-
creaseslinearly from oneto zeroasthe distancebetween
themincreasesfromzeroto themaximumseparationwithin
theunit hypercubestatespace:

pit
� 1 �

�

Ft
� Åa i

�

�

8n � 4
�

(8)

Eachcomponentzi of a behaviourvectorG 	 Â u corre-
spondsto astateprototypeÅa i andis initially zero(zi0

� 0).
Successivebehaviourvectorsarecalculatedby applyinga
conditionaldecayoperatorto eachcomponent:

Gt
�

� z1t �

z2t ������� �

z� u � 1� t �

zut 


�

(9)

zit
� �

pit if pit �

gzi � t � 1�

gzi � t � 1�

otherwise, (10)

whereg is a decayconstantin theinterval � 0
�

1
�

. This re-
sultsin theformationof anorderedsetof behaviourvectors
Gt :

G � � G0 �

G1 ������� �

Gm �

�

(11)

Theform of Equation10allowsbehaviourvectorsto retain
atraceof theclosestproximitybetweeneachprototypeand
previouslypresentedtrainingvectors,thusforminga tem-
poralsequencerepresentation.Thememoryof this repre-
sentationis governedby the decayconstantg. It is possi-
ble to drawparallelsbetweenthis methodandthemotion-
historyimageformationof BobickandDavis[2].

Theprobabilitydensityfunctionoverthebehaviourvec-
tor space(Â u) is againmodelledby thedistributionof pro-
totypevectors.Vectorquantisationof thebehaviourvectors
Gt fromsetsGj resultsin asetof vbehaviourprototypesÅbi:

B ��� Åb1 �

Åb2 ���������

Åbv � 1 �

Åbv 	

�

(12)

In ourexperiments,asetA of 300260-dimensionalstate
prototypeswere learnt from 1,000,000iterationsof vec-
tor quantisationof vectorsfrom the training datasetsF j .
The training datasetsF j and the setA of 300 statepro-
totypeswere usedto generatesetsGj of behaviourvec-
torsusinga decayconstantof g � 0

�

995. A setB of 300
300-dimensionalbehaviourprototypeswere learnt from
1,000,000iterationsof vectorquantisationof vectorsfrom
thebehaviourvectorsetsGj .

(a) (b)

Figure 3. Behaviour modelling results.

Figure3(a) illustratesoneof the prototypesunderlying
thestatedistribution.Thedifferentialcomponentsareused
to generatethe brief motion history shown. Figure3(b)
showsthelastfew framesof aninteractionsequencewhich
mapsclosely to oneof the prototypesunderlyingthe be-
haviourdistribution.

4. Behaviour extrapolation

The behaviourmodelsdevelopedare capableof be-
haviourrecognitionandtypicality assessment(seeJohnson
andHogg [7] for moredetails),but havelimited genera-
tive capabilitiesdueto thenon-invertiblenatureof thede-
cay operator(Equation10). Behaviourprototypescannot
beemployedto generatethesequencesthey represent,al-
thoughthecurrentstatecanbeapproximatedby ®ndingthe
stateprototypecorrespondingto thehighestvaluedcompo-
nent.Behaviourextrapolationisachievedbytheadditionof
astatebasedextrapolationscheme,theparametersof which
arederivedduringa furtherlearningphase.

Behaviourextrapolationis performedby traversinga
Markov chain which hasa single statecorrespondingto
eachbehaviourprototype. Extrapolationsare generated
from thecurrentchainstate,which canbeidenti®edusing
thebehaviourmodelfor recognition,andproceedthrough
the chainuntil the endstateis reached.Traversalof the
chain resultsin the productionof the currentstateproto-
typesassociatedwith eachvisitedchainstate. Sinceeach
behaviourprototyperepresentsa behaviourhistory, thesu-
perimposedchainis morestronglyMarkovianthanif the
chainweresuperimposedonthestateprototypes,thusform-
ing amorepowerfulextrapolationmodel.

TheMarkovchainis de®nedby asetof v � 1 statesei :

E ��� e1 �

e2 ������� �

ev
�

ev 
 1 �

�

(13)

together with the transition probabilities P � ej at r �

1
�

ei at r
�

wherer denotesthe extrapolationstep. Each
statecorrespondsto abehaviourprototype(ei 
�

Åbi) except



ev 
 1 which representstheendstate. For convenience,the
form Åa � ei �

will be usedto representthe stateprototype
correspondingtoeachstateei of theMarkovchain.At each
extrapolationstep,a successorstateis selectedby either
samplingfrom thetransitiondistribution,or identifyingthe
mostprobablesuccessor.

Thestatetransitionprobabilitiesareestimatedfrom the
relativefrequencyof transitionsbetweenbehaviourproto-
typesobservedin the training data,taking the closestbe-
haviour prototypeat eachtime instant. Only transitions
causingstatechangeareconsidered.

Traversingsuchachainto performbehaviourextrapola-
tion resultsin anorderedsetof statevectorsÅa � eir �

associ-
atedwith visitedchainstates:

Q � � Åa � ei0 �

�

Åa � ei1 �

���������

Åa � eik � 	

�

(14)

wherethetime intervalbetweensuccessivestatevectorsis
initially unspeci®ed,andei0, theinitial chainstate,is iden-
ti®edusingthebehaviourmodel. To ensurea smoothjoin
betweenpreviousbehaviourandtheextrapolation,Åa � ei0 �

is
replacedby thecurrentinteractionstateFt .

To generatean output statevector sequenceat video
framerate,an interpolantof Q mustbe sampled. Since
changein combinedshapemaybenon-linear,a(cubic)Her-
miteinterpolationis used.Assumingzeroacceleration,the
timeintervalTr betweensuccessivestatevectorscanbeap-
proximatedby themeanspeedof combinedshapevectors
from Åa � eir �

and Åa � eir �

1 �

:

Tr
� 2

�

Cr 
 1
� Cr

�

� ÇCr
�

�

� ÇCr 
 1
�

�

(15)

TheHermiteinterpolantis de®nedby theendpointsCr and
Cr 
 1 andtangentvectors ÇCr and ÇCr 
 1 (scaledby Tr). Us-
ingtheapproximatetimeintervalsandinterpolantsbetween
successivevectors,an orderedsetof statevectorscanbe
producedby samplingatdataframerate:

P ��� Ft 
 1 �

Ft 
 2 ���������

Ft 
 l �

�

(16)

In the absenceof a fragmentof behaviourfrom which
to extrapolate,entirelyhypotheticalsequencescanbegen-
eratedusinganinitial statedistributionto selecttheinitial
stateei0:

S ��� p1 �

p2 ���������

pv � 1 �

pv �

�

pi
� P � ei at r � 0

�

�

(17)

Theselectionof a statefrom Scanbebasedon sampling
from thedistribution,or identifyingthemostprobablestart
state. S is approximatedfrom the relative frequencyof
startingat particularbehaviourprototypesin the training
data.

In ourexperiments,a301-stateMarkovchainwasasso-
ciatedwith the300behaviourprototypesB, andtraineddur-
ing a further learningphase.Figure4 illustratesthecom-
binedshapecomponentsof the®rstfew framesof two ex-
trapolationsgeneratedusingthis chain.

Figure 4. Behaviour extrapolation results.

5. Performing virtual interaction

A modellingframeworkhasbeendevelopedwhich en-
ablesthe analysisandgenerationof interactionbehaviour
from the observationof characteristicbehaviours. The
samemodelsmay also be usedto simulatethe evolving
shapeof aplausiblepartnerduringaninteractionwith aper-
son. Two approachesto this problemarepresentedwhich
correspondto subtlydifferentobjectives.

Aswell asallowingbehaviourextrapolation,theMarkov
chainrepresentsthespaceof learntbehavioursequences.If
suchchainsarelearntfrom a fair sampleof theinteraction
populationthenanynaturalinteractionwill follow oneof
thepossiblepathsthroughthe chain. Thevirtual human's
behaviourcanthereforebeentirelyde®nedby theMarkov
chain.Naturalinteractionwith ahumanis achievedby pro-
viding responsessuchthat the resultingsequenceof state
vectorsformsa valid paththroughthechain.Sinceno be-
haviourrecognitionis required,the chainis usedin isola-
tion from thebehaviourmodelswhich it enhanced.

5.1.Singlehypothesispropagation

One approachto performing virtual interactionis to
propagateasingleinteractionstatehypothesisH t through
theMarkovchain,usingtheevolvingshapeof therealhu-
manto choosethe startstateandthe transitionswhenre-
quired.Ht is a pair � Ft

�

ft �

whereFt is astatevectorand ft
identi®esthecurrentchainstate.At eachtime instantt, the
scaledshapevectorSH

t , position � XH
t �

YH
t �

andheighthH
t of

thehumanareextractedfromthecurrentimageasdescribed
in

�

2. TheextenttowhichahypothesisH t
� � Ft

�

ft
�

iscon-
sistentwith thecurrentshapeof therealactorSH

t is given
by theEuclideandistancebetweenshapevectors:

E � Ft
�

SH
t �

� min �

�

SL
t

� SH
t

�

�

�

SR
t

� SH
t

�

	

�

(18)

whereSL
t andSR

t arederivedfrom Ft , andtheminimisation
alsoidenti®esthehuman'spositionwithin theinteraction.



Interactionwith avirtualhumanis achievedwith thefol-
lowing algorithm:

1. Selectthe initial hypothesisH 0 from the setX0 of
all potential initial hypothesessuch that the error
E � F0 �

SH
0 �

is minimised.ThepotentialhypothesesX 0
aretakenfrom valid initial chainstateswherep j

�

� 0.
2. Producethevirtual human's responseSV

t from H t.
3. Selectthe futurehypothesisH t 
 1 from thesetX t 
 1

of all potentialfuture hypothesessuchthat the error
E � Ft 
 1 �

SH
t 
 1 �

is minimised.Thepotentialhypotheses
X t 
 1 areextrapolationsat timet � 1 from H t .

4. Repeatsteps2±3until theendstateis reached.

Thevirtual human's responseSV
t is producedfrom hypoth-

esisH t by scalingandtranslatingtheshapevectorwhich
gaveriseto themaximumerrorin Equation18. This trans-
formation is achievedby re-arrangingEquations3 and4
andinsertingrelevantvalues(dt

�

st
�

XH
t andhH

t ). It is inter-
estingtonotethatsetX t 
 1 will onlycontainmultiplepoten-
tial hypotheseswhena decisionpoint in theMarkov chain
is reachedbeforetimet � 1.

Whenpropagatinga singlestatehypothesis,the selec-
tionof thestartstateandeachsuccessorstate®xestherange
of possiblefuturebehaviours.Thishastwo importantcon-
sequences.Firstly, if noisydataor modelinaccuraciesre-
sult in anundesirableselection,recoverymaynotbepossi-
ble. Secondly, atpointswherethesetof potentialhypothe-
sescontainsmultiple (approximately)equallyminimalhy-
potheses,theselectionbecomesarbitraryandmayresultin
distinctly differentfuturebehaviours.This canbeviewed
asempoweringthevirtual humanwith thetaskof decision-
makingin suchsituations.

5.2.Multiple hypothesispropagation

A more robust form of interactionin which the hu-
manfully determinestheprogressof theinteractioncanbe
achievedfrom thestochasticpropagationof multiplestate
hypothesesH i

t. This formsa Bayesianapproachto track-
ing theinteraction,propagatingaconditionaldensityrepre-
sentation:

P � Ft
�

SH
t ������� �

SH
0 �

µ P � SH
t

�

Ft �

P � Ft
�

SH
t � 1 ���������

SH
0 �

�

(19)

whereP � Ft
�

SH
t ��� � � �

SH
0 �

is theconditionaldistributionof in-
teractionstategivenanobservationhistory, P� SH

t
�

Ft
�

mea-
suresthe likelihoodof a stateFt giving riseto observation
SH

t , andP� Ft
�

SH
t � 1 ��� � � �

SH
0 �

is the prior distributionrepre-
sentingpredictionsfromP � Ft � 1

�

SH
t � 1 ��� � � �

SH
0 �

, theposterior
distribution from theprevioustimestep.

In a methodbasedon the CONDENSATION trackingal-
gorithmof IsardandBlake[6], theposteriordensityis rep-
resentedby asetof samplehypotheses,generatedusingthe

likelihoodtoweightsamplingfromtheprior- factoredsam-
pling. A Gaussianlikelihoodfunctionis used,basedonthe
hypothesis'errorE � Fi

t �

SH
t �

:

P � SH
t

�

Fi
t �

� exp

�

�

E � Fi
t �

SH
t �

2

2s2 �

�

(20)

Interactionwith a virtual useris achievedwith the fol-
lowing multiplehypothesispropagationalgorithm:

1. GenerateasetX0 of N hypothesesto representtheini-
tial prior, whereX 0 is obtainedundersamplingwith
replacementfrom theinitial statedistributionS.

2. ForeachH i
t 	 X t, usetheerrorE � Fi

t �

SH
t �

to calculate
thelikelihoodof thehypothesis,usingEquation20.

3. Userelativelikelihoodvaluestoweightsamplingfrom
X t , theprior, resultingin asetYt of N hypothesesrep-
resentingtheposteriordistribution.

4. Producethevirtual human'sresponseSV
t from thehy-

pothesisH i
t 	 Yt with maximumlikelihood.

5. GenerateanewsetX t 
 1 of N hypothesesto represent
thenewprior, whereeachH i

t 
 1 	 X t 
 1 is astochastic
extrapolationat timet � 1 from H i

t 	 Yt .
6. Repeatsteps2±5until theinteractionis complete.

Responsegenerationis unchangedfrom the single hy-
pothesisapproach.Whengeneratingstochasticextrapola-
tions,noiseis introducedto thetimeintervalapproximation
(Equation15). This allowsmodeluncertaintyto berepre-
sented,resultingin a morereasonableprior. Noiseis sam-
pledfrom auniformdistributionover

�

�

3
4T

�

1
4T � andadded

to thetime interval. Thisdistributionis biasedtowardsde-
creasingthe approximatetime interval to compensatefor
themodel's tendencyto overestimatethetime intervalbe-
tweenstatevectorsrepresentingstaticshapes.

The propagationof multiple hypothesesrepresentinga
conditionaldensityformsa robustapproachto trackingan
interaction.Thealgorithmdescribeddoesnot fully realise
this potentialin onerespect- thevirtual human's response
is generatedfrom thehypothesiswith maximumlikelihood,
andnot thatwith maximuma posterioriprobability. Since
the posterioris representedby the H i

t 	 Yt , the maxima
couldbe locatedby calculatingthe numberof hypotheses
that fall within a hypersphereof radiusd, centredon each
hypothesis:

max
i

�

�

� F j
f :

�

F j
f

� Fi
f

���

d
�

j
�

� i
�

�

�

�

(21)

wherethevalueof d couldbedeterminedexperimentally.
In ourexperiments,the301-stateMarkovchainandthe

multiplehypothesispropagationalgorithmwereusedtoen-
ableinteractionwith a virtual human.A valueof s � 0

�

05
was usedin the likelihood function and 200 hypotheses
werepropagated.



Dueto thecomputationalrequirementsof thealgorithm
described,ourinitial experimentshavebeenperformedoff-
line. We ®rstattemptedto generatetest databy captur-
ingsequencesof asinglepersonperforminga`blind' hand-
shake.It was,however, soondiscoveredthatthebehaviour
exhibitedwasmarkedlydifferentto that exhibitedin real
interactions. To compensatefor this inability to behave
naturally in the absenceof an interactingpartner, testse-
quencesinvolving two individualswerecapturedandone
of the individualswasmaskedbeforeobjecttrackingwas
performed.

Figure 5. Vir tual interaction results.

Figure5 showsa selectionof framesfrom a virtual in-
teractiontestsequence.In eachframe,thevirtual humanis
displayedasa blacksilhouette.Observationof the entire
setof hypothesesduringtheinteractionsuggestsadistribu-
tion with a modeat themaximumlikelihoodstateandfur-
thertransientmodesdescribingalternativepathsatdecision
pointsin thechain.This distribution rapidly tailsoff along
pastandfuture paths. Modesdescribingalternativepaths
tendto diminishrapidly oncethecurrentshapeof thereal
actorbecomesinconsistentwith thehypotheses.

6. Conclusions

A statisticallybasedinteractionbehaviourmodel has
been presentedwhich enablesboth the learning of be-
havioursfrom the observationof interactinghumans,and
theuseof theacquiredmodelstoproviderealisticresponses
during interaction. Interactionwith a virtual humanhas

beenachievedviaarobustmultiplehypothesispropagation
algorithm. Experimentsbasedon a simplehumaninterac-
tion showencouragingresults. In the future we envisage
theuseof moredetailedmodelsof individualsandtheirbe-
haviours,capableof richerkindsinteraction(akind of Vir-
tual Immortality?).
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