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1.1 Introduction

Selectve visual attentionis the mechanisnby which we canrapidly direct our
gazetowardsobjectsof interestin ourvisualervironment26, 52, 3,51, 34, 6, 18, 5].
Fromanevolutionaryviewpoint, this rapidorientingcapabilityis critical in allowing
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living systemgo quickly becomeawareof possiblepreys, matesor predatorsn their
clutteredvisualworld. It hasbecomeclearthatattentionguideswhereto look next
basedon both bottom-up(image-basedandtop-donn (task-dependentjues[26].
As such,attentionimplementsan informationprocessingottleneck,only allowing
a small part of the incoming sensoryinformationto reachshort-termmemoryand
visualawarenes$l5, 12]. Thatis, insteadof attemptingo fully processhe massie
sensoryinput in parallel, naturehasdevised a serial strateyy to achieve nearreal-
time performancedespitelimited computationalcapacity: Attention allows us to
breakdown the problemof sceneunderstandingnto rapidseriesof computationally
lessdemandinglocalizedvisualanalysigproblems.

Theseorientingandsceneanalysisfunctionsof attentionarecomplementedby a
feedbackmodulationof neuralactiity atthelocationandfor the visualattributesof
the desiredor selectedargets. This feedbacks believedto be essentiafor binding
the differentvisual attributes of an object, suchas color andform, into a unitary
percep{52, 22, 41]. Thatis, attentionnotonly senesto selectalocationof interest,
but alsoenhanceshe cortical representatiomat thatlocation. As such,focal visual
attentionis often comparedo a rapidly shiftablespotlight[57, 7], which scansour
visual ervironmentboth overtly (with accompayging eye movements)or covertly
(with theeyes x ed).

Finally, attentionis involvedin triggeringbehaior, andconsequentlys intimately
relatedto recognition,planningandmotorcontrol [31]. Of coursenotall of vision
is attentional,aswe canderive coarseunderstandindgrom presentation®f visual
sceneghataretoo brief for attentionto explorethe scene.Vision thusrelieson so-
phisticatedinteractionsbetweencoarse,massvely parallel, full- eld pre-attentie
analysissystemsand the more detailed, circumscribedand sequentialattentional
analysissystem.

In whatfollows, we focuson severalcritical aspect®f selectve visual attention:
First, the brain areainvolved in its control and deployment; second,the mecha-
nismsby which attentionis attractedn a bottom-upor image-basedanneitowards
conspicuousr salientlocationsin our visual ervironment;third, the mechanisms
by which attentionmodulateshe early sensoryrepresentationf attendedstimuli;
fourth,themechanism$or top-dawn or voluntarydeplogymentof attention;and fth,
theinteractionbetweerattention,objectrecognitionandsceneunderstanding.

1.2 Brain Areas

The control of focal visual attentioninvolvesan intricate network of brain areas,
spanningirom primary visual cortex to prefrontalcortex. In a rst approximation,
selectingwhereto attendnext is carriedout, to alarge extent, by distinctbrainstruc-
turesfromrecognizingvhatis beingattendedo. Thissuggestshatacooperatiorbe-
tween“tw o visualsystems'is usedby normalvision[16]: Selectingwhereto attend
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1.3

next is primarily controlledby the dorsalvisual processingtream(or “where/hav”
stream)which comprisegorticalareasn posteriorparietalcortex, whereagheven-
tral visual processingstream(or “what” stream)comprisingcorticalareasn infer-
otemporakortex, is primarily concernedvith localizedobjectrecognition[56]. It is
importantto note,however, thatobjectrecognitionin theventralstreamcanbiasthe
next attentionakhift, for examplevia top-davn controlwhenanobijectis recognized
thatsuggestsvherethe next interestingobjectmaybelocated.Similarly, we will see
how attentionstronglymodulatesactiity in the objectrecognitionsystem.

Among the brain regions participatingto the deploymentof visual attentionin-
clude most of the early visual processingareasand the dorsal processingstream
(Figure 1). Theseincludethe lateralgeniculatenucleusof thethalamugLGN) and
corticalareasv1 (primaryvisual cortex) throughthe parietalcortex alongthedorsal
strean50]. In addition,overtandcovertattentionhave beenshavn to becloselyre-
lated,asrevealedby psychophysicdl7, 46, 19, 28], physiologicall, 29,9, 44], and
imaging[10, 36] studies.Directing covert attentionthusinvolvesa numberof sub-
cortical structureghat are alsoinstrumentain producingdirectedeye movements.
Theseincludethe deepemartsof the superiorcolliculus; partsof the pulvinar; the
frontaleye elds in themacaquendits homologudn humanstheprecentrabyrus;
andareadn theintraparietalsulcusin the macaquendaroundtheintraparietaland
postcentrakulciandadjacengyri in humans.

Bottom-Up Contr ol

Oneimportantmodeof operatiorof attentionis largely unconsciouanddrivenby
thespeci c attributesof the stimuli presentn ourvisualervironment.This so-called
bottom-upcontrolof visualattentioncaneasilybestudiedusingsimplevisualsearch
tasksasdescribedelov. Basedontheseexperimentatesults severalcomputational
theoriesandmodelshave beendevelopedfor how attentionmaybeattractedowards
aparticularobjectin the sceneatherthananother
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Visual Search and Pop-Out

Oneof the mosteffective demonstrationsf bottom-upattentionalguidanceuses
simplevisual searchexperimentsjn which an odd target stimulusto be locatedby
the obserer is embeddedvithin an arrayof distractingvisual stimuli [52]. Origi-
nally, theseexperimentssuggeste@ dichotomybetweersituationswherethe target
stimuluswould visually pop-outfrom the arrayandbe foundimmediately andsitu-
ationswhereextensve scanningandinspectionof the variousstimuli in thedisplay
was necessarpeforethe target stimuluscould be located(Figure 2). The pop-out
casesuggesthatthetargetcanbe effortlesslylocatedby relying on preattentie vi-
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Figure 1

Major brain areasinvolvedin the deploymentof selective visual attention. Al-

though single-endedarr ows are showvn to suggesiglobal information o w (from
the eyesto prefrontal cortex), anatomical studiessuggest eciprocalconnections,
with the number of feedback bers often exceedingthat of feedforward bers

(exceptbetweenretinaand LGN). Cortical areasmay be groupedinto two main
visual pathways: the dorsal “where/how” pathway (from V1 to DLPFC via
PPC) is mostly concemned with spatial deployment of attention and localiza-
tion of attendedstimuli, while the ventral “what” pathway (from V1 to VLPFC

via IT) is mostly concemed with pattern recognition and identi cation of the
attended stimuli. In addition to thesecortical areas,several subcortical areas
including LGN and Pul play important rolesin controlling where attention is
to be deployed. Key to abbreviations: LGN: lateral geniculate nucleus; Pul:

Pulvinar nucleus;V1, V2, V4. early cortical visual areas;MT: Medial temporal

area; PPC: posterior parietal cortex; DLPFC: dorsolateral prefrontal cortex;

IT: inferotemporal cortex; VLPFC: ventrolateral prefrontal cortex.

sualprocessingver theentirevisualsceneln contrasttheconjunctve searctcases
suggesthatattendingto the targetis a necessarypreconditionto beingableto iden-
tify it asbeingthe uniquetarget, thusrequiringthatthe searcharraybe extensiely
scannedintil thetargetbecomeghe objectof attentionakelection.
Furtherexperimentatiorhasrevealedthattheoriginal dichotomybetweerthefast,
parallel searchobsened with pop-outdisplaysand slower, serial searchobsened
with conjunctve displaysrepresenthetwo extremesof a continuumof searchdif -
culty [58]. Neverthelesstheseexperimentstlearlydemonstratéhatif atargetdiffers
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signi cantly from its surroundin wayswhich canbecharacterizeth termsof visual
attributesof thetargetanddistractors)it will immediatelydraw attentiontowardsit-

self. Thus,theseexperimentsvidencehow thecompositiorof thevisualscenealone
is a potentiallyvery strongcomponenbf attentionalkontrol, guiding attentionfrom

thebottomof the visualprocessindnierarchyup.

13.2

Computational Models and the Saliency Map

The featureintegrationtheory of Treismanandcolleagueg52] that wasderived
from visualsearchexperimentshassenedasabasisfor mary computationaimodels
of bottom-upattentionaldeployment. This theoryproposedhat only fairly simple
visualfeatureaarecomputedn a massvely parallelmannerovertheentireincoming
visualscenein earlyvisualprocessingireadncludingprimaryvisualcortex. Atten-
tion is thennecessaryo bind thoseearly featuresinto a more sophisticatedbject
representationand the selectedboundrepresentations (to a rst approximation)
the only partof thevisualworld which passeshoughthe attentionalbottleneckfor
furtherprocessing.

The rst explicit neurally-plausibleomputationaérchitecturef a systemfor the
bottom-upguidanceof attentionwas proposedby Koch and Ullman [27], andis
closelyrelatedto the featureintegrationtheory Their modelis centeredarounda
salieny map,thatis, anexplicit two-dimensionatopographianapthatencodegor
stimulusconspicuity or salienceat every locationin thevisualscene.The salieny
maprecevesinputsfrom early visual processingandprovidesan ef cient control
stratgy by which the focus of attentionsimply scansthe saliengy mapin order of
decreasingalieng.

This generalarchitecturehasbeenfurther developedandimplementedyielding
the computationamodeldepictedin Figure 3 [24]. In this model,the early stages
of visual processinglecomposé¢he incomingvisual input throughan ensembleof
feature-selectie ltering processesndavedwith contextual modulatoryeffects. In
orderto controlasingleattentionafocusbasedn this multiplicity in therepresenta-
tion of theincomingsensornsignalsit is assumedhatall featuremapsprovide input
to the salieny map,which topographicallyrepresentsisualsaliencejrrespectvely
of thefeaturedimensionby which a givenlocationwassalient. Biasingattentionto
focusontothemostsalientlocationis thenreducedo drawing attentiontowardsthe
locusof highestactiity in the salieny map. This is achiezed usinga winnertake-
all neuralnetwork, which implementsa neurally distributed maximumdetector In
orderto preventattentionfrom permanenthfocusingonto the mostactive (winner)
locationin thesalieny map,thecurrentlyattendedocationis transientlyinhibitedin
the salieny mapby aninhibition-of-returnmechanismAfter the mostsalientloca-
tion is thussuppressedhe winnertake-all network naturallycorvergestowardsthe
next mostsalientlocation,andrepeatinghis procesgjenerategttentionakcanpaths
[27, 24].

Many successfumodelsfor the bottom-upcontrol of attentionare architectured
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Figure 2

Search array experimentsof the type pioneered by Treismanand colleagues.
The top two panels are examplesof pop-out caseswhere search time (here
shown as the number of locations xated before the target if found) is small

and independentof the number of elementsin the display. The bottom panel
demonstratesa conjunctive search (the targetis the only elementthat is dark

and oriented lik e the brighter elements);in this case,a serial search is initi-

ated, which will require moretime asthe number of elementsin the display is
increased.

arounda salieny map. What differentiatesthe models,then, is the stratgy em-
ployedto prunethe incoming sensoryinput and extract salience.In anin uential
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Typical architecture for a model of bottom-up visual attention basedon a
saliency map. The input image is analyzed by a number of early visual I-
ters, sensitive to stimulus propertiessuchascolor, intensity and orientation, at
several spatial scales.After spatial competition for saliencewithin eachof the
resulting feature maps, input is provided to a single saliency map from all of
the feature maps. The aximum activity in the saliencymap is the next attended
location. Transient inhibition of this location in the saliency map allows the
systemto shift towards the next most salientlocation.

model mostly aimedat explaining visual searchexperiments,Wolfe [59] hypoth-
esizedthat the selectionof relevant featuresfor a given searchtask could be per
formedtop-dawn, throughspatially-de nedandfeature-dependenmteightingof the
variousfeaturemaps. Although limited to caseswhereattributesof the targetare
known in advance thisview hasrecentlyrecevedexperimentakupportfrom studies
of top-down attentionaimodulation(seebelow).

Tsotsosand colleagueg55] implementedattentionalselectionusinga combina-
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tion of afeedforwardbottom-upfeatureextractionhierarchyandafeedbaclkselectve

tuning of thesefeatureextractionmechanismsin this model,the targetof attention
is selectedat the top level of the processinghierarchy(the equivalentof a salieny

map),basedon feedforward activationandon possibleadditionaltop-down biasing
for certainlocationsor features.Thatlocationis thenpropagatedackthroughthe

featureextraction hierarchy throughthe activation of a cascadef winnertake-all

networks embeddedvithin the bottom-upprocessingyramid. Spatialcompetition
for salienceis thusre ned at eachlevel of processingasthe feedforward pathsnot

contributing to the winning locationare pruned(resultingin the feedbackpropaga-
tion of an“inhibitory beam”aroundthe selectedarget).

Itti etal. [25, 23, 24] recentlyproposedpurelybottom-upmodel,in whichspatial
competitionfor saliences directly modeledafternon-classicasurroundmodulation
effects. The modelemplgys an iterative schemewith early termination. At each
iteration,a featuremap recevesadditionalinputsfrom the convolution of itself by
a large difference-of-Gaussianiter . The resultis half-wave recti ed, with a net
effect similar to a winnertake-all with limited inhibitory spreadwhich allows only
asparseopulationof locationsto remainactive. After competition all featuremaps
aresimply summedo yield the scalarsalieny map.Becauseét includesa complete
biological front-end,this modelhasbeenwidely appliedto the analysisof natural
color sceneg23]. The non-linearinteractionsmplementedn this modelstrongly
illustrate how, perceptually whethera given stimulusis salientor not cannotbe
decidedwithout knowledgeof the context within which the stimulusis presented.

Many othermodelshave beenproposedwhich typically sharesomeof the com-
ponentof thethreemodelsjust describedIn view of the af uence of modelsbased
on asalieny map,it is importantto notethat postulatingcentralizedcontrol based
on suchmapis not the only computationahlternatve for the bottom-upguidance
of attention. In particular Desimoneand Duncan[15] arguedthat salienceis not
explicitly representedby speci ¢c neuronsbut insteadis implicitly codedin a dis-
tributedmodulatorymanneracrosghevariousfeaturemaps.Attentionalselectionis
thenperformedbasecdbn top-davn weightingof the bottom-upfeaturemapsthatare
relevantto atargetof interest. This top-dowvn biasing(alsousedin Wolfe's Guided
Searchmodel[59]) requireshataspeci ¢ searchtaskbeperformedor themodelto
yield usefulpredictions.

1.4 Top-Down Modulation of Early Vision

The generalarchitecturefor the bottom-upcontrol of attentionpresentedabove
openstwo importantquestionon the natureof the attentionabottleneck First, is it
the only meanghroughwhich incomingvisualinformationmayreachhigherlevels
of processingBeconddoesit only involve one-way processingf informationfrom
the bottom-up,or is attentiona two-way process,also feedingback from higher
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centerdo earlyprocessingtages?
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Are we blind outside of the focus of attention?

Recentexperimentshave shavn how fairly dramaticchangesappliedto a visual
scenebeinginspectednay go unnoticedby humanobsenrers,unlessthosechanges
occur at the location currently being attendedo. Thesechangeblindnessexperi-
ments[38, 40] cantake several forms, yielding essentiallythe sameconclusions.
Oneimplementatiorconsistsof alternatvely ashing two versionsof a samescene
separatedby a blank screenwith the two versionsdiffering very obviously at one
location (for example,a scenen which a jet airplaneis presentandoneof its reac-
torshasbeenerasedrom oneof thetwo photographso becompared)Althoughthe
alterationis obviouswhenonedirectly attendgo it, it takesnaive obserersseveral
tensof secondso locateit. Not unexpectedlyinstance®f thisexperimentwhichare
the mostdif cult for obserersinvolve a changeatalocationthatis of little interest
in termsof understandingnd interpretingthe scene(for example,the aforemen-
tionedscenewith anairplanealsocontainsmary people,who tendto be inspected
in priority).

Theseexperimentsdemonstratehe crucial role of attentionin consciousvision:
unlesswe attendto anobject,we areunlikely to consciouslyperceveit in any detail
anddetectwhenit is altered. However, aswe will seebelaw, this doesnecessarily
meanthatthereis no vision otherthanthroughthe attentionbottleneck.

1.4.2

Attentional Modulation of Early Vision

A numberof psychophysicatndelectrophysiologicastudiesindicatethatwe are
not entirely blind outsidethe focusof attention. At the early stagesof processing,
responsearestill obseredevenif the animalis attendingaway from the receptie
eld atthesite of recording[54], or is anesthetize{®1]. Behaviorally, we canalso
performfairly speci ¢ spatialjudgmentson objectsnot being attendedo [6, 14],
thoughthosejudgmentsarelessaccuratehanin the presencef attention[30, 61].
Thisis in particulardemonstratetly dual-taskpsychophysicagxperimentsn which
obsenersareableto simultaneouslyiscriminatewo visualstimuli presentecttwo
distantlocationsin thevisual eld [30].

While attentionthusappearsotto be mandatoryfor early vision, it hasrecently
becomeclearthatit canvigorously modulate,top-down, early visual processing,
bothin a spatially-de nedandin a non-spatiabut feature-speci cmannerf33, 53,
2]. This modulatoryeffect of attentionhasbeendescribedasenhancedjain [54],
biased[32, 35] or intensi ed [30] competition,enhancedpatialresolution[61], or
asmodulatedbackgroundactiity [8], effective stimulusstrength42] or noise[17].

Of particularinterestin a computationalperspectie, a recentstudy by Lee et
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1.5

al. [30] measuregsychophysicathresholdsor ve simplepatterndiscrimination
tasks(contrast,orientationand spatial frequeng discriminations,and two spatial
maskingtasks;32 thresholdsn total). They employeda dual-taskparadigmto mea-
surethresholdseitherwhen attentionwasfully availableto the taskof interest,or
whenit waspoorly available becausengageclsavhereby a concurrentattention-
demandindgask. The mixedpatternof attentionamodulationobsenedin thethresh-
olds(upto 3-fold improvementin orientationdiscriminationwith attention but only

20%improvementin contrastdiscrimination)wasquantitatvely accountedor by a
computationamodel. It predictedthatattentionstrengthens winnertake-all com-
petitionamongneurongunedto differentorientationsandspatialfrequenciesvithin

onecorticalhypercolumr30], a propositionwhich hasrecentlyrecevedadditional
experimentakupport.

Theseresultsindicatethat attentiondoesnot implementa feed-forward, bottom-
up informationprocessindpottleneck Rather attentionalsoenhanceghroughfeed-
back,earlyvisualprocessindor boththelocationandvisualfeatureseingattended
to.

Top-Down Deployment of Attention

The precisemechanismby which voluntaryshiftsof attentionareelicitedremain
elusie, althoughsereral studieshave narroved down the brain areasprimarily in-
volved[20, 11, 24]. Herewe focuson two typesof experimentghatclearlydemon-
stratehow, rst, attentionmay be deployedon a purelyvoluntarybasisonto one of
severalidenticalstimuli (sothatnoneof the stimuli is moresalientthanthe others),
and,secondhow eye movementgecordedrom obserersinspectingavisualscene
with the goal of answeringa questionaboutthat sceneare dramaticallyin uenced
by the questionbeinganswered.

151

Attentional Facilitation and Cueing

Introspectioneasilyrevealsthatwe areableto voluntarily shift attentiontowards
ary locationin our visual eld, no matterhow inconspicuoushatlocationmay be.
More formally, psychophysicaéxperimentamay be usedto demonstratéop-dovn
shifts of attention.A typical experimentinvolvescueingan obsener towardsone of
severalpossibleidenticalstimuli presenteen a computerscreen.The cueindicates
to theobsenerwhereto focuson, but only ata high cognitivelevel (e.g.,verbalcue),
sothatnothingin thedisplaywould directly attractattentionbottom-uptowardsthe
desiredstimulus.Detectionor discriminationof the stimulusattheattendedocation
aresigni cantly better(e.g.,lowerreactiontime or lower psychophysicahresholds)
thanat uncuedocations. Theseexperimentshencesuggesthatvoluntarily shifting
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attentiontowardsa stimulusimprovesthe perceptiorof thatstimulus.

Similarly, experimentdnvolving decisionuncertaintydemonstrat¢hatif a stimu-
lusis to be discriminatedby a speci ¢ attribute thatis known in advance(e.g.,dis-
criminatethe spatialfrequeng of a grating),performancas signi cantly improved
comparedo situationswhereonerandomlychosenof several possiblestimulusat-
tributesareto be discriminatede.g.,discriminatethe spatialfrequeng, contrastor
orientationof a grating). Thus,we appearto alsobe ableto voluntarily selectnot
only whereto attendto, but alsothe speci c featuresof a stimulusto be attended.
Theseresultsarecloselyrelatedto andconsistentvith the spatialandfeaturalnature
of attentionaimodulationmentionedn the previoussection.

1.5.2 Inuence of Task

Recordingeye movementgrom humanobsererswhile they inspectavisualscene
hasrevealeda profoundin uence of taskdemand®n the patternof eye movements
generatedy the obseners[60]. In atypical experiment differentobsenersexam-
ine a samephotographwhile their eye movementsare beingtracked, but are asled
to answerdifferentquestionsaboutthe scene(for example,estimatethe ageof the
peoplein the scene or determinethe countryin which the photographwastaken).
Although all obserersare presentedvith anidenticalvisual stimulus,the patterns
of eye movementgecordedliffer dramaticallydependingon the questionbeingad-
dressedy eachobsener. Theseexperimentslearlydemonstrat¢hattaskdemands
play acritical role in determiningwhereattentionis to be focusednext.

Building in parton eye trackingexperiments Starkandcolleague$37] have pro-
posedthe scanpattiheoryof attention,accordingto which eye movementsaregen-
eratedalmostexclusively undertop-dovn control. The theory proposeghat what
we seeis only remotelyrelatedto the patternsof activation of our retinas;rather a
cognitive modelof whatwe expectto seeis atthebasisof our percept.Thesequence
of eye movementavhichwe make to analyzea scenethen,is mostly controlledtop-
down by our cognitive modelandsenesthe goal of obtainingspeci ¢ detailsabout
the particularsceneinstancebeingobsenred, to embelishthe more genericinternal
model. This theoryhashada numberof successfulipplicationgo roboticscontrol,
in whichaninternalmodelof arobot'sworking environmentwasusedto restrictthe
analysisof incomingvideo sequence$o a small numberof circumscribedegions
importantfor a giventask.

1.6 Attention and Scene Understanding

We have seerhow attentionis deplogyedontoour visualenvironmentthrougha co-
operatiorbetweerbottom-upandtop-donvn driving in uences. Onedif culty which
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then arisesis the generationof propertop-donvn biasingsignalswhenexploring a
novel scene;indeed,if the scenehasnot beenanalyzedand understoodyet using
thoroughattentionalscanninghow canit be usedto directattentiontop-dovn? Be-
low we explore two dimensionof this problem: First, we shav how alreadyfrom
avery brief presentatiorof a scenewe areableto extractits gist, basiclayout,and
a numberof othercharacteristicsThis suggestshatanothemart of our visual sys-
tem,which operatesnuchfasterthanattention,might be responsibldor this coarse
analysis;the resultsof this analysismay thenbe usedto guide attentiontop-down.
Secondwe explore how several computervision modelshave useda collaboration
betweerthe whereandwhatsubsystemso yield sophisticateégcenerecognitional-
gorithms.Finally, we casttheseresultsinto amoreglobalview of our visualsystem
andthefunctionof attentionin vision.

16.1

Is scene under standing purely attentional?

Psychophysicakxperimentspioneeredby Biedermanand colleagueg4] have
demonstratettow we canderive coarseunderstandingf a visualscenefrom a sin-
gle presentatiorthatis sobrief (80 msor less)thatit precludesary attentionalkcan-
ning or eye movement.A particularlystriking exampleof suchexperimentsconsists
of presentingo anobsener a rapid successiof unrelatedphotograph®f natural
scenest a high framerate (over 10 scenes/s)After presentatiorof the stimuli for
several tensof secondspbsenersare aslked whethera particularscene for exam-
ple an outdoorsmarket scenewaspresenamongthe several hundredphotographs
shawvn. Althoughthe obserersarenot madeawarein advanceof the questionthey
areableto provide a correctanswerwith an overall performancewell over chance
(Biederman personakcommunication).Furthermorepbsenersare ableto recalla
numberof coarsedetailsaboutthe sceneof interest,suchaswhetherit contained
humanpersonspr whetherit washighly colorful or ratherdull.

Theseandmary relatedexperimentsclearlydemonstratéhatscenainderstanding
doesnotexclusively rely onattentionabnalysis.Ratheraveryfastvisualsubsystem
which operatesn parallelwith attentionallows us to rapidly derive the gist and
coarselayout of a novel visual scene.This rapid subsystentertainlyis one of the
key componentdy which attentionmaybe guidedtop-dovn towardsspeci ¢ visual
locations.

1.6.2

Cooperation between Where and What

Severalcomputewision modelshave beenproposedor extendedbjectandscene
analysisthat rely on a cooperationbetweenan attentional(where) and localized
recognition(what) subsystems.

A very interestinginstancewas recently provided by Schill et al. [45]. Their
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model aims at performing scene(or object) recognition, using attention (or eye
movements)to focus on thosepartsof the scenebeing analyzedwhich are most
informativein disambiguatingts identity. To this end,a hierarchicaknowledgetree
is trainedinto the model,in which leavesrepresentdenti ed objects,intermediary
nodesepreseninoregenerabbjectclassesandlinks betweemodescontainsenso-
rimotor informationusedfor discriminationbetweenpossibleobjects(i.e., bottom-
upfeatureresponseto beexpectedor particularpointsin theobject,andeye move-
mentvectorstargetedat thosepoints). During the iterative recognitionof anobject,
the systemprogramsdts next xation towardsthelocationwhich will maximallyin-
creasanformationgainaboutthe objectbeingrecognizedandthuswill bestallow
themodelto discriminatebetweerthe variouscandidateobjectclasses.

Several relatedmodelshave beenproposed43, 48, 49, 13, 24], in which scan-
paths(containingmotor control directivesstoredin a “where” memoryandlocally
expectedbottom-upfeaturesstoredin a “what” memory)arelearnedfor eachscene
or objectto be recognized.The differencebetweernthe variousmodelscomesfrom
the algorithmusedto matchthe sequencesf where/whatnformationto the visual
scene.Thesencludeusingadeterministiomatchingalgorithm(i.e., focusnext onto
the next locationstoredin the sequencéeingtestedagainsthe new scene)hidden
Markov models(wheresequenceare storedastransitionprobabilitiesbetweeno-
cationsaugmentedy the visual featuresexpectedat thoselocations),or evidential
reasoningsimilar to the model of Schill and colleagues).Thesemodelstypically
demonstratestrong ability to recognizecomplex grayscalescenesandfaces,in a
translationyotationandscaleindependentanneybut cannotaccounfor non-linear
imagetransformationge.g.,three-dimensionaliewpoint change).

While thesemodelsprovide very interestingexamplesof cooperatiorbetweena
fastattentionalcueingsystemanda slower localizedfeatureanalysissystem their
relationshipto biology hasnot beenemphasizedeyond the generalarchitectural
level. Teasingapartthe brainmechanism$y which attention Jocalizedrecognition,
andrapid computatiorof scenggistandlayoutcollaboratdan normalvision remains
oneof themostexciting challengesor modernvisualneurosciencg39].

1.6.3

Attention as a component of vision

In this section,we have seenhow vision relies not only on the attentionalsub-
system,but more broadlyon a cooperatiorbetweencrudepreattentie subsystems
for the computatiorof gist, layoutandfor bottom-upattentionalkontrol,andthe at-
tentive subsystentoupledwith thelocalizedobjectrecognitionsubsystento obtain

ne detailsatvariouslocationsin thescengFigure 4).

This view on the visual systemraisesa numberof questionsvhich remainfairly
controversial. Theseareissuesof the internalrepresentationf scenesand objects
(e.g.,view-basedversusthree-dimensionahodels,or a cooperatiorbetweerboth),
andof thelevel of detailwith which scenesrestoredin memoryfor laterrecalland
comparisorto newv scenege.g.,shnapshotsversuscrudestructuralmodels). Many
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3=sea
4 =sky

Localized object
recognition:
walking couple

Behavioral goal specification:
e.g., "look for people”

Cognitive scene understanding:
"a couple walks down the beach”

Figure 4

Simpli ed architecture for the understanding of visual scenesgextendedfrom
Rensink's (2000)triadic model. The incoming visual sceneis analyzedby low-
level visual processegtop) in a massvely-parallel, full- eld and pre-attentive
manner up to a fairly simple “pr oto-object” representation. Building on this
representation,gist and layout of the sceneare computed in a fast, probably
feedforward and non-iterative manner (left). Also building on this represen-
tation, the saliencymap describespotentially interestinglocationsin the scene
(right). Guided by saliency gist, layout, and behavioral goal speci cations, fo-
cal attention selectsa regionof the sceneto be analyzedin further details. The
resultof this localizedobject recognitionis usedto incrementally re ne the cog-
niti ve understanding of the contentsof the scene.This understanding aswell as
the goal speci cation bias the low-level vision thr ough feedbackpathways.
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1.7

of theseissuesextendwell beyond the scopeof the presentdiscussiorof selectve

visualattention.Neverthelessit is importantto think of attentionwithin thebroader
framawork of vision andsceneunderstandingasthis allows usto delegatesomeof

thevisualfunctionsto non-attentionasubsystems.

Discussion

We have reviewed someof the key aspectf selectve visual attention,andhow
thesecontribute morebroadlyto our visual experienceanduniqueability to rapidly
comprehenadomple visualscenes.

Looking at the evidenceaccumulatedo far on the brain areasnvolved with the
control of attentionhasrevealeda complex interconnectedetwork, which spans
from theearlieststageof visualprocessingipto prefrontalcorticalareas.To alarge
extent, this network senesnot only the function of guiding attention,but is shared
with othersubsystemsncluding the guidanceof eye movementsthe computation
of earlyvisualfeaturestherecognitionof objectsandthe planningof actions.

Attentionis guidedtowardsparticularlocationsin our visualworld undera com-
binationof competingconstraintswhich includebottom-upsignalsderivedfrom the
visual input, and top-davn contraintsderived from task priority and sceneunder
standing. The bottom-upcontrol of attentionis clearly evidencedby simplevisual
searchexperiments,in which our attentionis automaticallydravn towardstargets
that pop-outfrom surroundingdistractors.This bottom-upguidances certainlythe
bestunderstoodtomponenbdf attentionandmary computationamodelshave been
proposeavhich replicatesomeof the humanperformancet exploring visualsearch
stimuli. Mostmodelshave embracedheideathata singletopographicalieny map
maybeanefcient centralizedepresentatiofor guidingattention.Several of these
modelshave beenappliedto photographsf natural scenesyielding remarkably
plausibleresults. One of the importanttheoreticalresultsderived from bottom-up
modelingis the critical role of cortical interactionsin pruningthe massve sensory
input suchasto extractonly thoseelementf the scenghatareconspicuous.

In partguidedby bottom-upcues,attentionthusimplementsaninformationpro-
cessingbottleneck,which allows only selectelementsn the sceneto reachhigher
levelsof processingBut notall visionis attentionalandeventhoughwe mayeasily
appearblind to imagedetailsoutsidethe focusof attention,thereis still substantial
residualvision of unattendeabjects.Thatis, the attentionabottleneckis not strict,
andsomeelementsn thevisualscenamayreachour consciougperceptiorif they are
sufciently salient,eventhoughattentionmight be engagectlsavherein thevisual
ervironment.

In addition, attentionalselectionappeargo be a two-way processjn which not
only selectedceneslementarepropagatedipthevisualhiererchybut therepresen-
tation of theseelementss alsoenhancediown to the earliestievels of the hierarchy
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throughfeedbacksignals. Thusattentionnot only senesthe function of selecting
a subsetof the currentscene but also profoundly altersthe cortical representation
of this subset.Computationallyonemechanismnior this enhancementhich enjoys
broadvalidity acrossa variety of visual discriminationtasksis that attentionmay
activate a winnertake-all competitionamongvisual neuronsrepresentinglifferent
aspect®f asamevisuallocation,thusmakingmoreexplicit whatthedominantchar
acteristicof thatlocationis. Top-davn attentionalmodulationcanbe triggerednot
only onthe basisof location,but alsotowardsspeci c visualfeatures.

Introspectioreasilymakesevidentthatattentionis notexclusively controlledbottom-
up. Indeed,we canwith little effort focusattentiononto ary region of our visual
eld, no matterhow inconspicuous.Volitional shifts of attentionare further evi-
dencedby psychophysicaéxperimentsn which improvedperformanceés obsened
whensubjectsknow in advancewhereor whatto look for, and hencepresumably
useavolitional shift of attention(acrossspaceor featuredimensions)n preparation
for performingavisualjudgementTheexactmechanismby whichvolitional atten-
tion shiftsareelicitedremainratherelusive, but it hasbeenwidely demonstratethat
high-level task speci cations,suchas a questionasled abouta visual scene have
dramaticeffectson the deploymentof attentionandeye movementsontothe scene.

Finally, it is importantto considerattentionnot asa visual subsystenof its own
thatwould have little interactionwith otheraspect®f vision. Indeed,we have seen
thatit is highly unlikely, or impossibleunderconsitionsof very brief presentation,
thatwe analyzeandunderstanadtomplex scenesnly throughattentionalscanning.
Rather attention, object recognition,and rapid machanismdor the extraction of
scenegist and layout cooperatén a remarkablemulti-threadedanalysiswhich ex-
ploitsdifferenttime scalesandlevelsof detailswithin interactingprocessingtreams.
Althoughtremendougrogresshasbeenmadeover the pastcenturyof thescienti ¢
studyof attention startingwith William Jamesmary of thekey componentsf this
compl« interactingsystemremainpoorly understoodindelusive, thusposingever
renavedchallengedor future neuroscienceesearch.
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