Appearsn Proceedingsf the EuropearConferencen Artificial Intelligence(ECAI'02), Lyon, 2002.

Modeling Interaction Using L earnt Qualitative
Spatio-Temporal Relations and Variable Length Markov
Models
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Abstract.

Motivatedby applicationssuchas automatedvisual surweillance
andvideomonitoringandannotationtherehasbeenalot of interest
in constructingcognitive vision systemscapableof interpretingthe
high level semanticof dynamicscenesin this paperwe presenta
novel approactor automaticallyinferring modelsof objectinterac-
tionsthatcanbeusedto interpretobsenedbehaiour within ascene.
A real-timelow-level computewnisionsystemtogethemwith anatten-
tional controlmechanismareusedto identify incidentsor eventsthat
occurin the scene A datadriven approacthasbeentakenin order
to automaticallyinfer discreteandabstractepresentationsymbol¥
of primitive objectinteractionsgffectively the systemlearnsa setof
qualitative spatialrelationsrelevantto the dynamicbehaiour of the
domain.Thesesymbolsthenform the alphabetof a VLMM which
automaticallyinfersthe high level structureof typical interactve be-
haviour. The learntbehaiour modelhasgeneratie capabilitiesand
is also capableof recognizingtypical or atypical actiities within
a scene Experimentshave beenperformedwithin the traffic mon-
itoring domain; however the proposedmethodis applicableto the
generalutomaticsureillancetasksinceit doesnotassumea priori
knowledgeof a specificdomain.

1 INTRODUCTION

In recentyearstherehasbeenalot of interestin constructingcogni-
tive vision systemscapableof interpretingthe high level semantics
of dynamicsceneg3, 6,13, 19, 2, 7, 8]. However, whereagrevious
authorshave generallyselectedn advancewhich typesof interac-
tionsto model/recogniseheaim of this paper(asin [6, 2]) is to not
to predetermingheseactvities, but to learnthemautomatically
Our proposedmethod has some similarities with the work of
BrandandKettnaler [2]. First, they both produceonesinglemodel,
that descibeghe entire behaiour spaceas comparedto the usual
practiceof having separatenodelsfor each(usuallypredefinedpe-
haviour. We proposdheuseof VLMMs [20, 10]to infer thestructure
of the underlyingtraining dataautomatically;similarly, the entrop-
ically estimatecHMMs developedby Brandare capableof extract-
ing the underlyinghiddenstructureof the data.Finally, bothmodels
are capableof encodingthe high ordertemporaldependenciethat
are presentin comple behaiours. A major differencehowever is
that Brand useslow level, continuousvariables whereasour learnt
VLMM is essentiallya symbolicpredictve model: the underlying
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continousvariablesarefirst abstractedo a discretespaceanalogous
to thesetof finite relationsin aqualitatve spatialrelationrepresenta-
tion suchasthatusedby [6]. In somecasesthis hastheadvantageof
beingrathermoreimmuneto the problemsof noisewhilst still man-
agingto presere the essentialinderlyingpatternsor dependencies
thatgovernbehaiour in the obserned domain.Arguablyit alsopro-
ducesa moreunderstandablmodelsinceits componentsrehigher
level abstractions.

Ourapproachs alsosimilar to thatof [6] which learnsqualitative
spatio-temporamodelsof eventsin traffic scenege.g. following,
overtaking).However, whereaghatsystenmrequireda predefinedset
of qualitative spatialrelations,our approactessentiallylearnsthese
automaticallyand morewver explicitly computegprobabilitiesasso-
ciatedwith the behaioural patterns.

Thus we usea datadriven approachto automaticallyinfer dis-
creteand abstractrepresentationgsymbol$ of primitive objectin-
teractions.Thesesymbolsare thenusedas an alphabeto infer the
high level structureof typical interactve behaiour using VLMMs
[20, 10]. It is worth pointing out explicitly that the use of proba-
bilistic reasoningherecontrastswith corventionallow level useof
probabilities— this Markov modelconcernshigh level semantiono-
tions.

Thesescenefeaturedescriptorsare invariant of the absolutepo-
sition and direction of the interactingobjectswithin a scene They
constitutethe input to a statisticallearning framevork [15] where
discreterepresentationsf interactve behaiours canbe learnedby
modelling the probability distribution of the featurevectorswithin
theinteractionfeaturespace.
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Figure 1 givesanoverview of the systemincluding the learning
elementof the architecturewherebythe typical behaiour patterns
arelearned storedandusedto drive interpretation.The systemcan
currently be usedto recognizetypical interactve behaiour within
thetraffic domainandidentify atypicalevents.

2 LEARNING QUALITATIVE
SPATIO-TEMPORAL RELATIONS

2.1 Detecting and tracking objects

A real time computervision system[18] is usedthat detectsand
tracksmoving objectswithin a scene.The tracking system,which

is tolerantto slight lighting changes,usesa modified version of

the Staufer and Grimson[23] adaptve backgroundnodelto detect
moving objects.In addition, it makes explicit useof a foreground
modelfor size,colourdistribution andvelocity (whichis assumedo

be locally invariantin time) invariantsfor a particularobject. Fore-
groundpixelsidentifiedby thebackgroundnodelarecomparedvith

various instancesof the foreground modelto determineto which

modelthey belong.A Kalmanfilter is usedto propagtethesemodels
overtime (for moredetails,see[18]).

Figure 2.

Exampletraffic scene

The tracker assignsa unique ID to eachnewly detectedobject
in the sceneandtrackschangesn the objects positionand veloc-
ity. It shouldbe notedthat tracking is performedon an estimated
groundplane.Thus,for eachvideoframe,thetracler returnsthees-
timatedpositionandvelocity of eachtracked objectin groundplane
co-ordinatesFigure2 illustratesa scendrom theexampletraffic do-
mainapplication.

2.2 Feature spacerepresentation for object
interaction

Modelling objectinteractionis of particularinterestsinceit allows
reasoningto be extendedfrom individualsto groupsof objects.In
this paperwe areinterestedn modelling the joint (combined)be-
haviour of pairsof interactingobjects Within this schemegandidate
interactionsareidentifiedto yield asetof interactve joint behaiours
for training by usingan attentionalmechanisnbasedon proximity
cues.

For eachimageframe,we assumehateachtracked objectis cen-
teredwithin arectangulaarea(attentionalwindow), andits direction

of motionis alignedwith thelongestaxisof therectangleAn interac-
tive eventbetweentwo objectsis signalledwheneer an objectfalls
within the attentionalwindow of anotherobjectwhich we call the
refelenceobject. The size of the rectangula@reais currentlysetby
hand,however an appropriatesizefor the attentionalwindow could
belearnedautomaticallyfrom thetrainingdata.

Mary interactionsaretypified by theevolving spatialrelationships
betweeninteractingobjectsandthussuchrelationshipamustbe en-
codedwithin an appropriatefeaturevectordescribingthe objectin-
teraction.In addition, sincethe locationwithin a sceneat which an
interactve behaiour occursis probablyof lessrelevancethanthein-
teractionitself, we believe thatnon-scene-speciffeaturevectorrep-
resentationareprobablymoreappropriateThus,our choserfeature
spacerepresentations invariantof the absolutepositionanddirec-
tion of theinteractingobjectswithin ascene.

The featurevector representatiordescribeghe relative velocity
(magnitudeanddirection)andthe spatialrelationshipbetweeraref-
erencecar and anothercar that falls within its attentionalwindow.
The featurevector consistsof the velocity magnitudeof the refer
enceobject,thevectorrepresentingherelative distancebetweerthe
two objects(in thelocal co-ordinate®f thereferencenbject)andthe
velocity vectorof the otherobject(again in local co-ordinates):

FTt = (”X»,-” 3xdﬁyda).{07y0) (1)

It shouldbe notedthat every featurevectoris normalisedsothatthe
directionof motionof thereferenceobjectis alignedwith they-axis.
Jointbehaiours of pairsof interactingobjectsmay be viewed as
smoothtrajectorieswithin thefeaturespacehataresampledatframe
rategeneratingequencesr;, of featurevectorsF ., . Eachsequence
describegshetemporalevolution of aninteractve behaiour:

f:{FTov Fr, .o FTm}- 2

2.3 Learningdiscreteinteraction primitives

In orderto learndiscreterepresentationsf objectinteractionswe
replacethe featurevectorsF,, with their nearest(in a Euclidean
senseprototypefrom afinite setof prototypicalobjectinteractions.
Theseprototypicalobjectinteractionsarelearnedusingvectorquan-
tisation. Vector Quantization[9, 12] is a techniqueoriginally used
for datacompressionvhich providesa methodof approximatinghe
probability densityfunction of a vectorvariablex(t) usinga finite
numberof prototypevectors(usually referredto as codebookvec-
tors)c;(t),i =1,2, ... k.

A limitation of classicaVQ algorithmssuchasthek-meanslgo-
rithm [22] is thatthefinal distribution of prototypesds very sensitve
to their initial placementwithin the featurespaceand this canre-
sultin sub-optimaldistributions. The usualsolutionis to repeatthe
k-meansalgorithmfor several setsof prototypeinitialisation values
andthenchoosehe prototypedistribution thatgivesthebestapprox-
imationfor the probability densityfunction of thetrainingdata.

Insteadof takingthis approachywe usea variantof the VQ algo-
rithm proposeddy JohnsorandHogg [15] which is lesssensitve to
theinitial positioningof prototypes.t is basedon the competitve
learningparadigm[21, 17]; however it alsoincorporates prototype
sensitvity mechanismThis resultsin a robustVQ algorithmwhich
is lesssensitve to theinitial placemenbf prototypesandgivesap-
proximatelycorrectdensitymatching.

After VQ is performedeachinteractve behaiour is represented
by asequencef prototypes:
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Figure 3illustratesthe learntprimitive interactiongfor thetraffic
domainexampleapplication.Thesecan be viewed as a qualitatve
discretisatiorof the continuousrelationalspace Whereasn a con-
ventionalqualitative spatialreasoningepresentatiorthe discretisa-
tion would bemanuallypreassignedye areableto learnarepresen-
tationwhichmaximiseghediscernabilitygivenagranularity(i.e. the
numberof relationsdesired) Note thatthe representatiois approx-
imately symmetricwith respecto anaxisalignedto the directionof
motion of thereferenceobject.
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Figure3. Learntprimitive interactions-traffic domainexample.Thetwo
dotsrepresenpairsof closevehicles(distinguishedy the sizeof thedot—
thelargerdot beingthereferencevehicle). Thearrovs shav their direction
of movementandthe connectingvectortheir relative orientationand
distanceThesepatterngepresentypical “midpoints” asresultof clustering
theinputdatainto differentconceptuafregions”.

2.4 Experimental data

Trainingdatawasgeneratedrom a 10-minvideosequencef atraf-
fic scene(seeFig. 1), sampledat 25 framesper secondIn orderto
reducenoise,the outputof the tracker waslow-passfiltered with a
5Hz cut-of filter (a vehicle needsto be presentin the scenefor at
leastonefifth of asecondptherwiseit is ignoredandtreatedasnoise
outputfrom thetracker, ratherthananactualvehicle).

Usingthe attentionalcontrol mechanism80,000(approximately)
featurevectorsrepresentingnstancesof vehicle interactionswere
generatedA setof 12 prototypicalfeaturevectorscorrespondingo
primitiveinteractiondetweervehicleswaslearnedrom thisdataset
afterperformingVQ. Experimentsvereperformedo decidetheap-
propriatenumberof prototypeswith respecto modelperformancén
analyticalandgeneratie tasks.A VLMM learntover 12 prototypes
gave the bestperformancdor this dataset.

3 MODELLING BEHAVIOUR USING
VARIABLE LENGTH MARKQOV MODELS

We areinterestedn building modelsof behaiour which areableto
supportbothrecognitionandgeneratre capabilitiessuchasthe pre-
diction of future behaiours or the synthesiof realisticsamplebe-
haviours. We achieve this by usingvariablememorylengthMarkov

models(VLMMSs) [10] to efficiently encodehesequencesf thepro-
totypescorrespondingo obsened interactive behaiour in the fea-
turespace.

3.1 Variablelength Markov models

Variable length Markov modelsdeal with a classof randompro-
cessefn whichthememorylengthvaries,in contrasto ann-thorder
Markov models.They have beenpreviously usedon the datacom-
pression[4, 1] and languagemodelling domains[20, 10, 11] and
recently they have beensuccessfullyintroducedin the computervi-
siondomainfor automaticallyinferring stochastienodelsof thehigh
level structureof complex and semanticallyrich humanactiities
[7, 8]. Their advantageover a fixed memoryMarkov modelis the
ability to locally optimisethe length of memoryrequiredfor pre-
diction. This resultsin a more flexible and efficient representation
which is particularly attractve in caseswherewe needto capture
higherordertemporaldependenciem somepartsof the behaiour
andlower-orderdependencieslsavhere.

Assume is a string of tokensusedasa memoryto predictthe
nexttoken accordingoanestimate () of ( ). Themain
ideabehindthevariablelengthmodellingmethodis thatif the output
probability  ( ) that predictsthe next token is significantly
differentfrom ( ), thenthelongermemory  maybeabetter
predictorthan . A weightedKullback-Leiblerdivergence[20] is
usedto measurethe additionalinformationthatis gainedby using
thelongermemory  for predictioninsteadof the shortermemory
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If ( , )exceedsagiventhreshold , thenthelongermemory
is used,otherwisethe shortermemory is consideredufiicient
for prediction.
The transitionprobabilitiesand priors arederived from estimates

of ( 1. 1)and (1 ) calculatedfor various
valuesof ( =1,2,..., ). Theestimatesregivenby:
(1 ... 1)
= y 5
( 1) TR 5)
and
(1 ... ) = My (6)
where ( ) is the numberof times the string of tokens

1 ... appearsn the training dataand
of thetrainingsequences.

Thetraining algorithminvolvesbuilding a prefix tree [10] where
eachnodecorrespondso a string up to a predeterminedength
Thetransitionfrequenciegrecountecdoy traversingthetreestructure
repeatedlywith stringsof length  wherethe stringsaregenerated
by sliding awindow of fixedlength  alongatraining sequencef
tokens.Transitionprobabilitiesarecomputedisingequationé anda
pruningprocedurds thenapplied,while the prefix treeis cornverted
to a predictionsufix tree[20]. For eachnode in theprefixtree,a
correspondingnode  in the suffix treeis createdf andonly if the
Kullback-Leiblerdivergencebetweenthe probability distribution at

andthe probability distribution at its ancestoinodein the prefix
treeis larger thanthreshold . Finally, the suffix treeis corverted
to an automatorrepresentinghe trainedVLMM. A more detailed

is the total length



descriptionon building andtraining variablelengthMarkov models
is givenby Ronetal. [20].

Thus,a VLMM is equivalentto a Probabilistic Finite StateAu-
tomaton(PFSA) representedby =(, ,,, )where is
a finite alphabet-the setof tokens—and is a finite setof model
states.Each statecorrespondgo a token string of length at most

, ( ), representinghe memoryfor a conditionaltransition
of the VLMM. The transition function is and

, 1 is the output probability function represent-
ing the memoryconditionedprobabilitiesof the next token
Finally, ,1 is the probability distribution over the
start states The functions and aresuchthatfor every ,

> (.)=landy  ()=L

3.2 Modédling interactive behaviour using a
VLMM over prototypes

Temporaldependenciem behaiour arelearnedby usinga VLMM
to capturethe memory conditionedprobabilitiesof transitionsbe-
tween the learnt prototypes.The choice of VLMMs as a mathe-
matical framewvork for modellinginteractve behaiour is basedon
their ability to capturebehaioural dependencieat variabletempo-
ral scaledn asimpleandefficientmanner

Initially, the training sequencesf featurevectorsare corverted
into sequencesf prototypicalobjectinteractionsby observingthe
closestprototype,in a nearestneighboursenseto the currenttrain-
ing featurevector at eachtime instant. The output sequencesre
then usedto train a VLMM representedby the PFSA =
( , , , , )where isthefinitesetof prototypicalobjectin-
teractionsand representthelearntinteractve behaiour model.

The algorithmfor training variablelength Markov modelsof be-
haviour hastwo parametersthe maximalorderN of the modeland
thethresholdvalue controllingtheaccurag of thelearntbehaiour
model.Thechoiceof theseparameterplaysanimportantrolein the
performancef thelearntbehaiour model(especiallythatof ).

The choiceof parametersor thetraining algorithmcanbe based
on a measureof how well the learnedmodeldescribeghe training
data.One suchmeasuretraditionally usedin text compressiori1]
andlanguageamodelling[10, 11], canbethemodelcross-entopyrate
(or modelentopy) [5, 11]

=1 () @

where is asamplestringof symbolsof length .

In ourcase, = , = Pr ...Pr isasequencef proto-
typelabelsof length , and () istheprobabilityof accord-
ing to theVLMM model

(=1 ® - ®)

i1
and (pr )= (r,pr).
Usingequation(8) togethemwith (7), anestimateof modelentropy
for thelearntVLMM model s givenby:

) ©

A measuref how well thelearnedVLMM describeghetraining
datais givenby calculatingthe modelentropy (Eg. 9) overthetrain-
ing data.A goodaproximationof obsenedbehaiour is indicatedby
alow modelentropy value.

3.2.1 Performinggeneativetasks

The trained model representghe learntinteractve behaiour
model and has generatie capabilities. Behaviour generationis
achieved by traversingthe PFSA, selectingeither the most likely
transition(maximumlik elihood behaiour generation)or sampling
from the transitiondistribution (stochastidoehaiour generation)at
eachstate,and emitting the correspondingprototypevectors.This
resultsin an orderedset of prototypevectorsp which arethe
outputof thetransitions . 1 = ( ,,p )betweerstates,, , 1.

In orderto usethe model for behaiour prediction,it is first
necessaryo locatethe currentmodelstate.Sincemodelstatesmay
encodea history of previous behaiour, the modelis initially used
in a recognitionmode, acceptingsuccessie prototypesrepresent-
ing obsened behaiour and making the correspondingstatetransi-
tions. Having locatedthe currentmodel state,prediction of future
behaiour canbeachiezedusingthe modeleitherasa stochastior a
maximumlik elihoodbehaiour generatar

A VLMM needgo beableto handlethe problemof unseerevents
— casesvheretoken sequencewhich might have not appearedbre-
viously in the training data,appearduring the recognitionprocess.
Problemgelatedto the sparsenessf thetrainingdataarewell stud-
ied in the speechrecognitionandlanguagemodellingdomainsand
variousmethodsfor handlingunseereventshave beenproposedo
compensatéor thescarcityof training data(seefor example[14] for
anin-depthdiscussioron the subject).Oneof the bestknown meth-
odsof handlingunseereventsis the backing-of method[16], which
is quite prevalentin state-of-the-arspeechrecognisers.

We usea simplebacking-of methodwhich is anextensionof the
methodproposedby Guyonet al in [10]. Assumethe model
is presentedvith a prototypep; while in a statewhich emits
this prototypewith probability zero,givenahistory p; of previous
prototypeslf thereis a statewithin the modelthatemitsp; with a
non-zergprobabilitygivenonly the history of the previousprototype
p;, thenwe back-of at this stateandemit p;. Otherwisewe return
to theinitial modelstate,loseall the previous memoryandemit p;
with the prior probability (p;). This baking-of methodis simple
but effective andwasfoundto give similar or slightly betterresults
comparedo the methodsproposedby Katz [16] and Guyon et al
[10].

3.2.2 Assessingnodelperformance

Theperformancef themodelcanbe measuredy themodelentropy
over thetestdata.A modelthathasachieved a good generalisation
of the obsened behaiour, will resultin very similar entropy values
over boththetrainingandthetestdata.Otherwise significantly dif-
ferentvaluesindicatea modelthatis overfit to the training dataand
thereforeis not fully representate of the targetbehaiour andthus
moretrainingdatais required.

For our traffic domainexample,we usedthe 12 learntprototypes
asan alphabetto model VLMMs for differentvaluesof  and .
The training and test data setshad the samenumberof prototype
sequencef40each).The sequencewhererandomlychoserto be-
longto oneor the otherdataset.

Figures4 and 5 demonstratethe resultswhen = and

= . 1 areusedrespectiely. Whenusinga maximummemory
length = |, thesizesof thecorrespondingLMMs wherel13,808
and 266 statesrespectiely. In the generalcase,an increasen the
valueof will resultin anincreaseof the model’s entropy whereas
anincreaseon the models maximummemory  will decreas¢he
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model entrofy (however, increasing doesnot always guarantee
lower modelentropy). As canbe seenfrom thegraphs, = gives
thebestmodel,althoughattheexpenseof alargemodelsize(number
of statesandtransitionswithin VLMM). However, a slightincrease
in candramaticallydecreas¢henumberof stateswithin themodel
with only avery smallincreasen the modelentropy.

4 CONCLUSION

The main purposeof this paperhasbeento shov how a discrete,
andessentiallysymbolicsetof relationshipgepresentinghe spatio-
temporalrelationshipbetweerpairsof closemoving objects,canbe
learnedautomaticallyand then usedas the alphabetfor a VLMM
which learnsthe typical patternsof behaiour in the domain.The
principalnovelty of ourapproachs exactlythis: to proposeamethod
for learningthe alphabebf spatio-temporatelationshipsandto ap-
ply aVLMM to thisratherhighlevel setof entitiesratherthanmuch
lower level perceptuahtrtifacts.

Of coursethereremainmary possibilitiesfor furtherwork. We are
evaluatingthe generatie and predictive powers of the modelsand
we will applyit to otherdomainsNotethatin orderto bepredictive,
given the normalisedfeaturerepresentationpne may wish alsoto
learnthetypical paths(c.f. [8, 15]) of motion sothatthe behaiours
canbe applied“in contt”. We may also considerother kinds of
spatio-temporalelationshipspartfrom orientation distanceandve-
locity. Certainbehaiours may be positionor orientationdependent
sowe mayalsoneedto experimentwith nonnormalisedeaturevec-
tures(or rather with differentnormalisationssincenormalisations
a usefulabstractiormechanismn machinelearning).It would also

be usefulto experimentwith ways of learning“closeness’(i.e. the
sizeof theattentionalwindow). However we believe the presensys-
temrepresentausefulfirst stepin thedirectionof learninghighlevel
“cognitive” modelsof dynamicbehaioursfrom videodata.
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