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Abstract. Previousexperimentshave shown thathumanattentionis in�uenced
by high level taskdemands.In this paper, we proposeanarchitectureto estimate
thetask-relevanceof attendedlocationsin ascene.Wemaintaina taskgraphand
computerelevanceof �xations usingan ontologythat containsa descriptionof
realworld entitiesandtheir relationships.Our modelguidesattentionaccording
to a topographicattentionguidancemapthatencodesthebottom-upsalienceand
task-relevanceof all locationsin thescene.Wehavedemonstratedthatourmodel
detectsentitiesthataresalientandrelevant to the taskevenon naturalcluttered
scenesandarbitrarytasks.

1 Intr oduction

The classicexperimentof Yarbus illustrateshow humanattentionvarieswith the na-
tureof the task[17]. In theabsenceof taskspeci�cation,visual attentionseemsto be
guidedto a large extent by bottom-up(or image-based)processesthat determinethe
salienceof objectsin the scene[11,6]. Given a taskspeci�cation,top-down (or voli-
tional) processesset in andguideattentionto the relevant objectsin the scene[4,1].
In normalhumanvision, a combinationof bottom-upandtop-down in�uencesattract
our attentiontowardssalientandrelevant sceneelements.While the bottom-upguid-
anceof attentionhasbeenextensively studiedandsuccessfullymodelled[13,16,14,8,
5,6], little successhasbeenmetwith understandingthecomplex top-down processing
in biologically-plausiblecomputationalterms.

In this paper, our focus is to extract all objectsin the scenethat arerelevant to a
giventask.To accomplishthis, we attemptto solve partially thebiggerandmoregen-
eralproblemof modellingthein�uenceof high-level taskdemandsonthespatiotempo-
ral deploymentof focal visualattentionin humans.Our startingpoint is our biological
modelof the saliency-basedguidanceof attentionbasedon bottom-upcues[8,5,6].
At the coreof this model is a two-dimensionaltopographicsaliency map[9], which
receivesinput from featuredetectorstunedto color, orientation,intensitycontrastsand
explicitly encodesthevisualsalienceof everylocationin thevisual�eld. It biasesatten-
tion towardsfocussingon thecurrentlymostsalientlocation.We proposeto extendthe
notionof saliency mapby hypothesizingtheexistenceof a topographictask-relevance
map,whichexplicitly encodestherelevanceof everyvisuallocationto thecurrenttask.
In theproposedmodel,regionsin thetask-relevancemapareactivatedtop-down, cor-
respondingto objectsthathavebeenattendedto andrecognizedasbeingrelevant.The
�nal guidanceof attentionis derivedfrom theactivity in a furtherexplicit topographic



map,the attentionguidancemap,which is the pointwiseproductof the saliency and
task-relevancemaps.Thus,at eachinstant,the model �xates on the mostsalientand
relevantlocationin theattentionguidancemap.

Ourmodelacceptsa questionsuchas“who is doingwhatto whom” andreturnsall
entitiesin thescenethatarerelevant to thequestion.To focusour work, we have not
for themomentattackedtheproblemof parsingnatural-languagequestions.Rather, our
modelcurrentlyacceptstaskspeci�cationasa collectionof object,subjectandaction
keywords.Thus,ourmodelcanbeseenasa questionansweringagent.

2 RelatedWork

Attentionandidenti�cation havebeenextensively studiedin thepast.A uniquebehav-
ioral approachto attentionis found in [12] wherethe authorsmodelperceptionand
cognitionasbehavioral processes.They guideattentionusinginternalmodelsthatstore
the sequenceof eye movementsand expectedimagefeaturesat each�xation. Their
main thrust is towardsobject recognitionandhow attentionis modulatedin the pro-
cessof objectrecognition.In contrast,wemodelhumanattentionat a level higherthan
objectrecognition.

The Visual Translator(VITRA) [3] is a �ne exampleof a real time systemthat
interpretsscenesandgeneratesa naturallanguagedescriptionof thescene.Their low
level visual systemrecognisesand tracksall visible objectsandcreatesa geometric
representationof theperceivedscene.This intermediaterepresentationis thenanalysed
duringhigh level sceneanalysisto evaluatespatialrelations,recogniseinterestingmo-
tion events,andincrementallyrecogniseplansandintentions.In contrastto VITRA,
we track only thoseobjectsandeventsthat we expectto be relevant to our task,thus
saving enormouslyoncomputationcomplexity. Thedrawbackof theVITRA projectis
its complexity thatpreventsit from beingextendedto ageneralattentionmodel.Unlike
humansthatselectively perceivetherelevantobjectsin thescene,VITRA attendsto all
objectsandreportsonly relevantones.

A goodneuralnetwork modelfor covertvisualattentionhasbeenproposedby Van
derLaar[15]. Theirmodellearnsto focusattentionon importantfeaturesdependingon
thetask.First, it extractsthefeaturemapsfrom thesensoryretinal input andcreatesa
priority mapwith thehelpof anattentionalnetwork thatgivesthetopdown bias.Then,
it performsa self terminatingsearchof the saliency map in a mannersimilar to our
saliencemodel[6]. However, thissystemlimits thenatureof its tasksto pyschophysical
searchtasksthatprimarily involvebottom-upprocessesandarealreadyful�lled by our
saliencemodelsuccessfully[7] (usingdatabasesof sampletraf�c signs,sodacansor
emergency triangles,we haveshown how batchtrainingof thesaliency modelthrough
adjustmentof relativefeatureweightsimprovessearchtimesfor thosespeci�c objects).

In [10], theauthorsproposea real time computervision andmachinelearningsys-
temto modelandrecognizehumanbehaviors.They combinetop-down with bottom-up
informationin a closedfeedbackloop,usinga statisticalbayesianapproach.However,
this systemfocusseson detectingandclassifyinghumaninteractionsover anextended
periodof time andthusis limited in thenatureof humanbehavior that it dealswith. It
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Fig.1. An overview of ourarchitecture

lackstheconceptof a task/goalandhencedoesnot attemptto modelany goaloriented
behavior.

3 Ar chitecture

Ourattentionmodelconsistsof 4 maincomponents:thevisualbrain,theworkingmem-
ory, thelongtermmemory(LTM) andtheagent.Thevisualbrainmaintainsthreemaps,
namelythesaliencemap,task-relevancemapandattentionguidancemap.Thesalience
map(SM) is theinputscenecalibratedwith salienceateachpoint.Task-RelevanceMap
(TRM) is the input scenecalibratedwith the relevanceat eachpoint. AttentionGuid-
anceMap (AGM) is computedastheproductof SM andTRM. Theworking memory
(WM) createsandmaintainsthetaskgraphthatcontainsall entitiesthatareexpectedto
berelevantto thetask.In orderto computerelevance,theWM seeksthehelpof thelong
termmemorythatcontainsknowledgeaboutthevariousreal-world andabtractentities
andtheir relationships.Theroleof theagentis to simplyrelayinformationbetweenthe
visualbrainandtheWM; WM andtheLTM. As such,its behavior is fairly prototyped,
hencetheagentshouldnotbeconfusedwith a homunculus.

Theschemaof ourmodelis asshown in �gure 1.Thevisualbrainreceivestheinput
videoandextractsall low level features.To achievebottom-upattentionprocessing,we
usethesaliencemodelpreviouslymentioned,yieldingtheSM [8,5,6]. Then,thevisual
braincomputestheAGM andchoosesthemostsigni�cant pointasthecurrent�xation.
Each�xation is onascenesegmentthatis approximatelythesizeof theattendedobject
[2]. Theobjectandactionrecognitionmoduleis invokedto determinetheidentityof the
�xation. Currently, wedonotyethaveagenericobjectrecognitionmodule;it is doneby
a humanoperator. Theagent,uponreceiving theobjectidentity from thevisualbrain,
sendsit to theWM. TheWM in turn communicateswith theLTM (via theagent)and
determinestherelevanceof thecurrent�xation. Theestimatedrelevanceof thecurrent
�xation is usedto updatetheTRM . Thecurrent�xation is inhibitedfrom returningin
theSM.This is doneto preventthemodelfrom �xating onthesamepointcontinuously.
Thevisualbraincomputesthenew AGM anddeterminesthenext �xation. Thisprocess
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runsin a loop until thevideois exhausted.Upontermination,theTRM is examinedto
�nd all therelevantentitiesin thescene.

Thefollowing subsectionsdescribetheimportantnew componentsof ourmodelin
detail.Thebasicsaliency mechanismhasbeendescribedelsewhere[8,5,6].

3.1 LTM

The LTM actsas the knowledgebase.It containsthe entitiesandtheir relationships.
Thus,for technicalpurposes,we referto it asontologyfrom now on.As statedearlier,
ourmodelacceptstaskspeci�cationin theform of object,subjectandactionkeywords.
Accordingly, wehavetheobject,subjectandactionontology. In ourcurrentimplemen-
tation,our ontologyfocussesprimarily onhuman-relatedobjectsandactions.Eachon-
tologyis representedasagraphwith entitiesasverticesandtheirrelationshipsasedges.
Ourentitiesincludereal-world conceptsaswell asabstractones.We maintainextra in-
formationon eachedge,namelythegranularityandtheco-occurrence.Granularityof
anedge( ���������
	 where �����
��	 is anedge)is astaticquantitythatis uniquelydetermined
by thenatureof therelation.Theneedfor this informationis illustratedwith anexam-
ple.While lookingfor thehand,�ngers areconsideredmorerelevantthanmanbecause

����������������������� �"!#	%$&��������������'(�)�*	 . Co-occurrenceof anedge( +

�������
	 ) refersto the
probability of joint occurrenceof the entitiesconnectedby the given edge.We illus-
tratetheneedfor this informationwith anotherexample.While looking for thehand,
we considerpento bemorerelevantthanleafbecause+
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Fig.3. To estimatetherelevanceof anentity, we checktheexistanceof a pathfrom entity to the
taskgraphandcheckfor propertycon�icts. While looking for a handrelatedobjectthat is small
andholdable,a big object like car is consideredirrelevant; whereasa small object like pen is
consideredrelevant.

Eachentity in the ontologymaintainsa list of propertiesapartfrom the list of all its
neighbours.Thesepropertiesmay also serve as cuesto the object recognitionmod-
ule. To representconjunctionsanddisjunctionsor othercomplicatedrelationships,we
maintaintruth tablesthatstoreprobabilitiesof variouscombinationsof parententities.
An exampleis shown in �gure 3.

3.2 WM

TheWM estimatestherelevanceof a�xation to thegiventask.Thisis donein two steps.
TheWM checksif thereexistsa pathfrom the�xation entity to theentitiesin thetask
graph.If yes,thenatureof thepathtellsushow the�xation is relatedto thecurrenttask
graph.If nosuchpathexists,wedeclarethatthecurrent�xation is irrelevantto thetask.
This relevancecheckcanbe implementedusinga breadth�rst searchalgorithm.The
simplicity of thisapproachservesthedualpurposeof reducingcomputationcomplexity
(orderof numberof edgesin taskgraph)andstill keepingthemethodeffective. In the
caseof object taskgraph,we performan extra checkto ensurethat the propertiesof
thecurrent�xation areconsistentwith theobjecttaskgraph(see�gure 3). This canbe
implementedusinga simpledepth�rst searchandhence,thecomputationcomplexity
is still in theorderof thenumberof edgesin taskgraphwhich is acceptable.

Oncea �xation is determinedto be relevant, its exact relevanceneedsto be com-
puted.This is a functionof thenatureof relationsthatconnectthe�xation entity to the
taskgraph.It is alsoa functionof therelevanceof neighboursof the�xation entity that
arepresentin thetaskgraph.More precisely, we areguidedby thefollowing rules:the
mutualin�uence on relevancebetweenany two entitiesu andv decreasesasa function
of theirdistance(modelledby a ��������� �	�
����
�� thatliesbetween0 and1).Thein�uence
dependsdirectlyon thenatureof theedge ��������� thatis in turndeterminedby thegran-
ularity ( ����������� ) andco-occurrencemeasures( ����������� ). Thuswe arriveat thefollowing
formulafor computingrelevance( � ).

��� � !#"�$

%'&�()%+*

��,.-0/21�354�687�4

�9�

%;:

�����������

:

���9�<�=�
�

:

��������� �	�
����
���� (1)



Fig.4. In the �gure, the �rst columnshows theoriginal scene,followedby theTRM (locations
relevant to the task)and�nally , theattentionaltrajectory. Theshapesrepresent�xations where
each�xation is on a scenesegment that is approximatelythe size of the object. The human
operatorrecognized�xations ascar, building, roador sky. Whenasked to �nd the carsin the
scene,themodeldisplayedresultsasshown in the�rst row. Whenaskedto �nd thebuildingsin
thescene,themodel's resultswereasshown in thesecondrow.

Therelevanceof a �xation dependsontheentitiespresentin thetaskgraph.Hence,
animportantphaseis thecreationof theintial taskgraph.Theinitial taskgraphconsists
of the task keywords.For instance,given a task speci�cation suchas ”what is John
catching”;we have ”John” asthesubjectkeyword and”catch” astheactionkeyword.
After addingthesekeywordsto thetaskgraph,wefurtherexpandthetaskgraphthrough
the ”is a ” relations.Our new taskgraphcontains”John is a man”, ”catch is a hand
relatedaction”. As a generalrule, uponadditionof a new entity into the taskgraph,
we expandit to relatedentities.Here,we expandtheinitial taskgraphto ”handrelated
actionis relatedto handandhandrelatedobject”.Thusevenbeforethe�rst �xation, we
haveanideaaboutwhatentitiesareexpectedto berelevant.Oncetheinitial taskgraph
is formed,themodel�xates andtheWM �nds therelevanceof thenew �xation based
on the techniquesdiscussedabove. Upon additionof every entity into the taskgraph,
its relevanceis propagatedto its neighbours.

4 Results

We testedour modelon arbitraryscenesincluding naturalclutteredscenes.To verify
themodel,weranit onseveralimagesaskingdifferentquestionsonthesameimageand
thesamequestionondifferentimages.On thesamescene,our modelshoweddifferent
entitiesto berelevantbasedonthetaskspeci�cation.Two suchexamplesareillustrated
here.Onacity scene,weaskedthemodelto �nd thecars.Withoutany prior knowledge
of acity scene,ourmodelpickedtherelevantportionsof thescene.Onthesamescene,



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.Whenasked to �nd the faces
of peoplein thescene,themodeldisplayedresultsasshown in the �rst row. Whenaskedto de-
terminewhat thepeoplewereeating,themodel's resultswereasshown in thesecondrow. The
humanoperatorrecognized�xations assomehumanbody part (face,leg, handetc) or objects
suchasbottle,chandelier, plate,window, shelf,wall, chair, table.

whenthe modelwasasked to �nd the buildings, it attendedto all the salientfeatures
in thebuildingsanddeterminedtheroadsandcarsto beirrelevant(see�gure 4). On a
naturalclutteredscene,weaskedthemodelto determinethefacesof peoplein thescene
and�nd what they wereeating.As expected,the modelshowed that the relevanceof
entitiesin thescenevariedwith thenatureof thetask.For the�rst task,themodellooked
for humanfacesandconsequently, it marked humanbody partsasrelevantandother
objectsasirrelevant.While in thesecondtask,themodellookedfor handrelatedobjects
nearthehumanfacesandhandsto determinewhat thepeoplewereeating(see�gure
5). Thus,evenin arbitraryclutteredscenes,our modelpicksup theentitiesrelevantto
thecurrenttask.

5 Discussionand Outlook

Our broadergoalis to modelhow internalscenerepresentationsarein�uencedby cur-
rentbehavioral goals.As a �rst step,we estimatethe task-relevanceof attendedloca-
tions.Wemaintaina taskgraphin workingmemoryandcomputerelevanceof �xations
usinganontologythatcontainsadescriptionof worldly entitiesandtheir relationships.
At eachinstant,our modelguidesattentionbasedon thesalienceandrelevanceof en-
tities in thescene.At this infantstage,mostof thebasiccomponentsof our proposed
architecturearein placeandourmodelcanrunonarbitrayscenesanddetectentitiesin
thescenethatarerelevantto arbitrarytasks.



Our approachdirectly contrastswith previousmodels(seesection2) thatscanthe
entirescene,trackall objectsandeventsandsubsequentlyanalyzethesceneto �nally
determinethe task-relevanceof variousobjects.Our aim is to prunethesearchspace,
therebyperformingasfew object identi�cations andattentionalshifts while trying to
analysethescene.Towardsthisend,oursaliencemodelservesasa �rst �ltration phase
wherewe �lter out all non salientlocationsin thescene.As a secondphaseof �ltra-
tion, weattemptto furtherprunethesearchspaceby determiningwhichof thesesalient
locationsis relevant to thecurrenttask.Thus,our approachis to performminimal at-
tentionalshiftsandto incrementallybuild up knowledgeof thescenein a progressive
manner.

At this preliminarystage,themodelhasseveral limitations.It cannotyet make di-
rectedattentionalshifts,nor doesit supportinstantiation.In future,we planto expand
theontologyto includemorereal-world entitiesandmodelcomplex facts.Wealsoplan
to allow instantiationsuchas“John is an instanceof a man”; whereeachinstanceis
uniqueandmay 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 moresophisticated
top-down attentionalcontrol. Knowledgeof suchspatialrelationshipswill also help
us prunethe searchspaceby �ltering out most irrelevant sceneelements(e.g.,while
looking for John,if we seeMary's face,we canalsomarkMary's hands,legsetc are
irrelevant provided we know the spatialrelationships).Several modelsalreadymen-
tionedprovideanexcellentstartingpoint for this extensionof our model[12]. Finally,
thereis greatopportunitywithin ournew framework for theimplementationof moreso-
phisticatedrulesfor determiningthenext shift of attentionbasedon taskandevidence
accumulatedso far. This in turn will allow us to comparethe behavior of our model
againsthumanobserversandto obtaina greaterunderstandingof how taskdemands
in�uence sceneanalysisin thehumanbrain.
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