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Abstract. Previous experimentshave shavn thathumanattentionis in uenced
by high level taskdemandsln this paperwe proposeanarchitecturdo estimate
thetask-rele@anceof attendedocationsin asceneWe maintainataskgraphand
computerelevanceof xations usingan ontologythat containsa descriptionof
realworld entitiesandtheir relationshipsOur modelguidesattentionaccording
to atopographiattentionguidancenapthatencodeshe bottom-upsalienceand
task-releanceof all locationsin thesceneWe have demonstratethatour model
detectsentitiesthat are salientandrelevant to the taskeven on naturalcluttered
sceneandarbitrarytasks.

1 Intr oduction

The classicexperimentof Yarhus illustrateshow humanattentionvarieswith the na-
ture of thetask[17]. In the absencef taskspeci cation,visual attentionseemso be
guidedto a large extent by bottom-up(or image-basedprocesseshat determinethe
salienceof objectsin the scene[11,6]. Given a taskspeci cation, top-davn (or voli-
tional) processesetin and guide attentionto the relevant objectsin the sceng[4, 1].
In normalhumanvision, a combinationof bottom-upandtop-davn in uencesattract
our attentiontowardssalientandrelevant sceneelementsWhile the bottom-upguid-
anceof attentionhasbeenextensiely studiedandsuccessfullynodelled[13,16,14,8,
5,6], little succeshasbeenmetwith understandinghe complex top-davn processing
in biologically-plausiblecomputationaterms.

In this paper our focusis to extractall objectsin the scenethat arerelevantto a
giventask.To accomplistthis, we attemptto solve partially the biggerandmoregen-
eralproblemof modellingthein uence of high-level taskdemand®nthespatiotempo-
ral deploymentof focal visualattentionin humansOur startingpoint is our biological
model of the salieng-basedguidanceof attentionbasedon bottom-upcues|[8, 5, 6].
At the core of this modelis a two-dimensionaktopographicsaliengy map[9], which
recevesinputfrom featuredetectorgunedto color, orientation,intensitycontrastsaand
explicitly encodeshevisualsalienceof everylocationin thevisual eld. It biasesatten-
tion towardsfocussingon the currentlymostsalientlocation.We proposeo extendthe
notion of salieny mapby hypothesizinghe existenceof a topographidask-rel&ance
map,which explicitly encodesherelevanceof everyvisuallocationto thecurrenttask.
In the proposednodel,regionsin the task-rel#ancemapareactivatedtop-donn, cor
respondingo objectsthathave beenattendedo andrecognizedasbeingrelevant. The

nal guidanceof attentionis derivedfrom the activity in a furtherexplicit topographic



map, the attentionguidancemap, which is the pointwiseproductof the salieny and
task-rel@ancemaps.Thus, at eachinstant,the model xates on the mostsalientand
relevantlocationin the attentionguidancemap.

Ourmodelacceptsa questionsuchas“who is doingwhatto whom” andreturnsall
entitiesin the scenethat arerelevantto the question.To focusour work, we have not
for themomentattacledthe problemof parsingnatural-languagguestionsRatherour
modelcurrentlyacceptsaskspeci cationasa collectionof object,subjectandaction
keywords.Thus,our modelcanbe seemasa questionansweringagent.

2 RelatedWork

Attentionandidenti cation have beenextensvely studiedin the past.A uniquebehar-
ioral approachto attentionis found in [12] wherethe authorsmodel perceptionand
cognitionasbehaioral processesl hey guideattentionusinginternalmodelsthatstore
the sequencef eye movementsand expectedimage featuresat each xation. Their
main thrustis towardsobjectrecognitionand how attentionis modulatedin the pro-
cessof objectrecognition.n contrastwe modelhumanattentionat a level higherthan
objectrecognition.

The Visual Translator(VITRA) [3] is a ne exampleof a real time systemthat
interpretsscenesand generates naturallanguagedescriptionof the scene Their low
level visual systemrecognisesand tracksall visible objectsand createsa geometric
representatioof the percevedsceneThis intermediateepresentatiors thenanalysed
during high level sceneanalysisto evaluatespatialrelations recognisénterestingmo-
tion events,andincrementallyrecogniseplansandintentions.In contrastto VITRA,
we track only thoseobjectsand eventsthat we expectto be relevantto our task,thus
saving enormouslyon computatiorcompleity. Thedravbackof the VITRA projectis
its compleity thatpreventsit from beingextendedo agenerahttentionmodel.Unlike
humanghatselectively percevetherelevantobjectsin thesceneVITRA attendgo all
objectsandreportsonly relevantones.

A goodneuralnetwork modelfor covertvisualattentionhasbeenproposedy Van
derLaar[15]. Their modellearnsto focusattentionon importantfeatureslependingn
thetask.First, it extractsthe featuremapsfrom the sensoryretinalinput andcreatesa
priority mapwith the help of anattentionahetwork thatgivesthetop down bias.Then,
it performsa self terminatingsearchof the salieny mapin a mannersimilar to our
saliencenodel[6]. However, this systenlimits the natureof its tasksto pyschophysical
searchtasksthatprimarily involve bottom-upprocesseandarealreadyful lled by our
saliencemodelsuccessfullyf7] (usingdatabasesf sampletrafc signs,sodacansor
emepgeng triangles,we have shovn how batchtraining of the salieny modelthrough
adjustmenbf relative featureweightsimprovessearchimesfor thosespeci ¢ objects).

In [10], the authorsproposea realtime computervision andmachineearningsys-
temto modelandrecognizehumanbehaiors. They combinetop-davn with bottom-up
informationin a closedfeedbacKoop, usinga statisticalbayesiarapproachHowever,
this systemfocusse®n detectingandclassifyinghumaninteractionsover anextended
periodof time andthusis limited in the natureof humanbehaior thatit dealswith. It
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3 Architecture

Ourattentionmodelconsistof 4 maincomponentsthevisualbrain,theworkingmem-
ory, thelongtermmemory(LTM) andtheagent.Thevisualbrainmaintainghreemaps,
namelythesaliencemap,task-rel&#ancemapandattentionguidancenap.Thesalience
map(SM) is theinputscenealibratedwith salienceateachpoint. Task-RelganceMap

(TRM) is theinput scenecalibratedwith the relevanceat eachpoint. Attention Guid-

anceMap (AGM) is computedasthe productof SM andTRM. Theworking memory
(WM) createsandmaintainghetaskgraphthatcontainsall entitiesthatareexpectedo

berelevantto thetask.In orderto computerelevance the WM seekghehelpof thelong

termmemorythatcontainsknowledgeaboutthe variousreal-world andabtractentities
andtheirrelationshipsTherole of theagentis to simply relayinformationbetweerthe

visualbrainandtheWM; WM andthe LTM. As such,its behaior is fairly prototyped,
hencethe agentshouldnot be confusedwvith ahomunculus.

Theschemaf ourmodelisasshavnin gure 1. Thevisualbrainrecevestheinput
videoandextractsall low level featuresTo achieve bottom-upattentionprocessingywe
usethesaliencenodelpreviously mentionedyieldingthe SM [8, 5, 6]. Then,thevisual
braincomputeshe AGM andchooseshe mostsigni cant pointasthecurrent xation.
Each xation is onasceneseggmentthatis approximateljthesizeof theattendedbject
[2]. Theobjectandactionrecognitionmoduleis invokedto determingheidentity of the
xation. Currently wedonotyethaveagenericobjectrecognitionrmodule;it is doneby
a humanoperator The agent,uponreceving the objectidentity from the visual brain,
sendst to the WM. The WM in turn communicatesvith the LTM (via the agent)and
determinegherelevanceof the current xation. Theestimatedelevanceof the current
xation is usedto updatethe TRM . The current xation is inhibited from returningin
theSM. Thisis doneto preventthemodelfrom xating onthesamepointcontinuously
Thevisualbraincomputeshenew AGM anddetermineshenext xation. Thisprocess
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Thefollowing subsectionslescribeheimportantnew component®f our modelin
detail. Thebasicsalieny mechanisnhasbeendescribectlsavhere[8, 5, 6].

3.1 LT™M

The LTM actsasthe knowledgebase.lt containsthe entitiesandtheir relationships.
Thus,for technicalpurposesye referto it asontologyfrom now on. As statedearlier
ourmodelacceptgaskspeci cationin theform of object,subjectandactionkeywords.
Accordingly, we have the object,subjectandactionontology In our currentimplemen-
tation,our ontologyfocussegrimarily on human-relate@bjectsandactions.Eachon-
tologyis representedsagraphwith entitiesasverticesandtheirrelationshipsasedges.
Our entitiesincludereal-world conceptsaswell asabstracbnes We maintainextrain-
formationon eachedge,namelythe granularityandthe co-occurrenceGranularityof
anedge( where is anedge)is a staticquantitythatis uniquelydetermined
by the natureof therelation.The needfor this informationis illustratedwith an exam-
ple. While looking for thehand, ngers areconsiderednorerelevantthanmanbecause

. Co-occurrenc®f anedge( ) refersto the
probability of joint occurrenceof the entitiesconnectedy the given edge.We illus-
tratethe needfor this informationwith anotherexample.While looking for the hand,
we considermpento bemorerelevantthanleafbecause
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Fig. 3. To estimatethe relevanceof anentity, we checkthe existanceof a pathfrom entity to the
taskgraphandcheckfor propertycon icts. While looking for a handrelatedobjectthatis small
andholdable,a big objectlike car is consideredrrelevant; whereasa small objectlike penis
consideredelevant.

Eachentity in the ontology maintainsa list of propertiesapartfrom the list of all its
neighboursThesepropertiesmay also sere as cuesto the objectrecognitionmod-
ule. To representonjunctionsanddisjunctionsor othercomplicatedelationshipswe
maintaintruth tablesthatstoreprobabilitiesof variouscombinationof parententities.
An exampleis shavnin gure 3.

3.2 WM

TheWM estimatesherelevanceof a xation to thegiventask.Thisis donein two steps.
TheWM checksif thereexists a pathfrom the xation entity to the entitiesin the task
graph.If yes,thenatureof thepathtells ushow the xation is relatedto thecurrenttask
graph.If nosuchpathexists,we declarethatthecurrent xation is irrelevantto thetask.
This relevancecheckcanbe implementedusinga breadth rst searchalgorithm.The
simplicity of thisapproactsenesthedualpurposeof reducingcomputatiorcomplexity

(orderof numberof edgesin taskgraph)andstill keepingthe methodeffective. In the
caseof objecttaskgraph,we performan extra checkto ensurethat the propertiesof

thecurrent xation areconsistentvith the objecttaskgraph(see gure 3). This canbe
implementedusinga simpledepth rst searchandhence the computationcompleity

is still in the orderof the numberof edgesn taskgraphwhichis acceptable.

Oncea xation is determinedo be relevant, its exact relevanceneedsto be com-
puted.Thisis afunctionof the natureof relationsthatconnecthe xation entityto the
taskgraph.lt is alsoafunctionof therelevanceof neighboursf the xation entity that
arepresenin thetaskgraph.More precisely we areguidedby thefollowing rules:the
mutualin uence on relevancebetweerary two entitiesu andv decreaseasafunction

of their distancgmodelledby a - thatliesbetweerD andl). Thein uence
dependsglirectly on the natureof theedge thatis in turn determinedy the gran-
ularity ( ) andco-occurrenceneasure$ ). Thuswe arrive atthefollowing

formulafor computingrelevance( ).

_ 1)



Fig. 4. In the gure, the rst columnshaws the original scenefollowed by the TRM (locations
relevantto the task)and nally, the attentionaltrajectory The shapegepresentxations where
each xation is on a scenesggmentthat is approximatelythe size of the object. The human
operatorrecognizedxations as car, building, road or sky. Whenasledto nd the carsin the
scenethemodeldisplayedresultsasshavn in the rst row. Whenasledto nd thebuildingsin
thescenethemodel’s resultswereasshawvn in thesecondow.

Therelevanceof a xation depend®ntheentitiespresenin thetaskgraph.Hence,
animportantphases thecreationof theintial taskgraph.Theinitial taskgraphconsists
of the task keywords. For instance given a task speci cation suchas "what is John
catching”;we have "John” asthe subjectkeyword and”catch” asthe actionkeyword.
After addingthesekeywordsto thetaskgraphwe furtherexpandthetaskgraphthrough
the”is a” relations.Our new taskgraphcontains”Johnis a man”, "catch is a hand
relatedaction”. As a generalrule, uponadditionof a new entity into the task graph,
we expandit to relatedentities.Here,we expandtheinitial taskgraphto "handrelated
actionis relatedto handandhandrelatedobject”. Thusevenbeforethe rst xation, we
have anideaaboutwhatentitiesareexpectedo berelevant.Oncetheinitial taskgraph
is formed,the model xates andthe WM nds therelevanceof thenew xation based
on the techniquesliscussedbore. Upon additionof every entity into the taskgraph,
its relevanceis propagatedo its neighbours.

4 Results

We testedour model on arbitrary scenesncluding naturalclutteredscenesTo verify

themodel,weranit onseveralimagesaskingdifferentquestion®nthesamemageand
the samequestionon differentimages.On the samescenepur modelshaveddifferent
entitiesto berelevantbasednthetaskspeci cation. Two suchexamplesareillustrated
here.Onacity scenewe asledthemodelto nd thecars.Withoutary prior knowledge
of acity scenepurmodelpickedtherelevantportionsof thesceneOnthesamescene,



Fig.5. In the gure, the rst columnis the original image,followed by the TRM after ve at-
tentionalshifts andthe nal TRM after twenty attentionalshifts. Whenasledto nd thefaces
of peoplein the scenethe modeldisplayedresultsasshovn in the rst row. Whenasledto de-
terminewhatthe peoplewereeating,the models resultswereasshavn in the secondrow. The
humanoperatorrecognizedxations as somehumanbody part (face,leg, handetc) or objects
suchasbottle,chandelierplate,window, shelf,wall, chair, table.

whenthe modelwasasledto nd the buildings, it attendedo all the salientfeatures
in the buildings anddeterminedhe roadsandcarsto beirrelevant(see gure 4). Ona
naturalclutteredscenewe askedthemodelto determinghefacesof peoplein thescene
and nd whatthey wereeating.As expectedthe modelshaved that the relevanceof
entitiesin thescenevariedwith thenatureof thetask.Forthe rst task,themodellooked
for humanfacesand consequentlyit marked humanbody partsasrelevantandother
objectsasirrelevant.While in thesecondask,themodellookedfor handrelatedobjects
nearthe humanfacesandhandsto determinewhatthe peoplewere eating(see gure
5). Thus,evenin arbitraryclutteredscenespur modelpicks up the entitiesrelevantto
thecurrenttask.

5 Discussionand Outlook

Our broadergoalis to modelhow internalscenerepresentationarein uenced by cur-
rentbehaioral goals.As a rst step,we estimatethe task-rel@anceof attendedoca-
tions.We maintainataskgraphin working memoryandcomputerelevanceof xations
usinganontologythatcontainsa descriptiorof worldly entitiesandtheir relationships.
At eachinstant,our modelguidesattentionbasedon the salienceandrelevanceof en-
tities in the scene At this infant stage mostof the basiccomponent®f our proposed
architecturearein placeandour modelcanrun on arbitrayscenesnddetectentitiesin
thescenahatarerelevantto arbitrarytasks.



Our approachdirectly contrastawith previous models(seesection?) thatscanthe
entirescenetrackall objectsandeventsandsubsequentlanalyzethe sceneto nally
determinethe task-rel&anceof variousobjects.Our aim is to prunethe searchspace,
therebyperformingasfew objectidenti cations and attentionalshifts while trying to
analysehesceneTowardsthis end,our saliencemodelsenesasa rst lItration phase
wherewe Iter out all non salientlocationsin the scene As a secondphaseof Itra-
tion, we attemptto furtherprunethesearchspaceby determiningwvhich of thesesalient
locationsis relevantto the currenttask. Thus,our approachs to performminimal at-
tentionalshifts andto incrementallybuild up knowledgeof the scenen a progressie
manner

At this preliminarystage the modelhasseverallimitations. It cannotyet make di-
rectedattentionalshifts, nor doesit supportinstantiation.In future,we planto expand
theontologyto includemorereal-world entitiesandmodelcomple facts.We alsoplan
to allow instantiationsuchas“Johnis aninstanceof a man”; whereeachinstanceis
unigueand may differ from eachother Including directedattentionalshifts into our
modelwould requirethat spatialrelationsalsobe includedin our ontology (e.g.,look
up if searchingfor a facebut found a foot) andwould allow for more sophisticated
top-dawn attentionalcontrol. Knowledgeof suchspatialrelationshipswill also help
us prunethe searchspaceby ltering out mostirrelevant sceneelementge.g.,while
looking for John,if we seeMary's face,we canalsomark Mary's hands Jegs etc are
irrelevant provided we know the spatialrelationships) Several modelsalreadymen-
tionedprovide anexcellentstartingpoint for this extensionof our model[12]. Finally,
thereis greatopportunitywithin ournew frameawork for theimplementatiorof moreso-
phisticatedrulesfor determiningthe next shift of attentionbasedon taskandevidence
accumulatedso far. This in turn will allow usto comparethe behaior of our model
againsthumanobsenersandto obtaina greaterunderstandingf how taskdemands
in uence sceneanalysisin the humanbrain.
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