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1.1 Intr oduction

Selective visual attentionis the mechanismby which we canrapidly direct our
gazetowardsobjectsof interestin ourvisualenvironment[26, 52, 3,51, 34, 6,18, 5].
Fromanevolutionaryviewpoint,this rapidorientingcapabilityis critical in allowing
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living systemsto quickly becomeawareof possiblepreys,matesor predatorsin their
clutteredvisualworld. It hasbecomeclearthatattentionguideswhereto look next
basedon both bottom-up(image-based)andtop-down (task-dependent)cues[26].
As such,attentionimplementsan informationprocessingbottleneck,only allowing
a small part of the incomingsensoryinformationto reachshort-termmemoryand
visualawareness[15, 12]. Thatis, insteadof attemptingto fully processthemassive
sensoryinput in parallel,naturehasdeviseda serialstrategy to achieve nearreal-
time performancedespitelimited computationalcapacity: Attention allows us to
breakdown theproblemof sceneunderstandinginto rapidseriesof computationally
lessdemanding,localizedvisualanalysisproblems.

Theseorientingandsceneanalysisfunctionsof attentionarecomplementedby a
feedbackmodulationof neuralactivity at thelocationandfor thevisualattributesof
thedesiredor selectedtargets.This feedbackis believedto beessentialfor binding
the different visual attributesof an object, suchas color and form, into a unitary
percept[52, 22, 41]. Thatis, attentionnotonly servesto selecta locationof interest,
but alsoenhancesthecortical representationat that location. As such,focal visual
attentionis oftencomparedto a rapidly shiftablespotlight[57, 7], which scansour
visual environmentboth overtly (with accompanying eye movements)or covertly
(with theeyes�x ed).

Finally, attentionis involvedin triggeringbehavior, andconsequentlyis intimately
relatedto recognition,planningandmotorcontrol [31]. Of course,not all of vision
is attentional,aswe canderive coarseunderstandingfrom presentationsof visual
scenesthataretoo brief for attentionto explorethescene.Vision thusrelieson so-
phisticatedinteractionsbetweencoarse,massively parallel, full-�eld pre-attentive
analysissystemsand the more detailed,circumscribedand sequentialattentional
analysissystem.

In whatfollows,we focuson severalcritical aspectsof selective visualattention:
First, the brain areainvolved in its control and deployment; second,the mecha-
nismsby whichattentionis attractedin abottom-upor image-basedmannertowards
conspicuousor salientlocationsin our visual environment;third, the mechanisms
by which attentionmodulatesthe early sensoryrepresentationof attendedstimuli;
fourth,themechanismsfor top-down or voluntarydeploymentof attention;and�fth,
theinteractionbetweenattention,objectrecognitionandsceneunderstanding.

1.2 Brain Areas
Thecontrolof focal visualattentioninvolvesan intricatenetwork of brainareas,

spanningfrom primary visual cortex to prefrontalcortex. In a �rst approximation,
selectingwhereto attendnext is carriedout, to a largeextent,by distinctbrainstruc-
turesfromrecognizingwhatis beingattendedto. Thissuggeststhatacooperationbe-
tween“two visualsystems”is usedby normalvision[16]: Selectingwhereto attend
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next is primarily controlledby thedorsalvisualprocessingstream(or “where/how”
stream)whichcomprisescorticalareasin posteriorparietalcortex, whereastheven-
tral visualprocessingstream(or “what” stream),comprisingcorticalareasin infer-
otemporalcortex, is primarily concernedwith localizedobjectrecognition[56]. It is
importantto note,however, thatobjectrecognitionin theventralstreamcanbiasthe
next attentionalshift, for examplevia top-downcontrolwhenanobjectis recognized
thatsuggestswherethenext interestingobjectmaybelocated.Similarly, wewill see
how attentionstronglymodulatesactivity in theobjectrecognitionsystem.

Among the brain regionsparticipatingto the deploymentof visual attentionin-
clude most of the early visual processingareasand the dorsalprocessingstream
(Figure 1). Theseincludethelateralgeniculatenucleusof thethalamus(LGN) and
corticalareasV1 (primaryvisualcortex) throughtheparietalcortex alongthedorsal
stream[50]. In addition,overtandcovertattentionhavebeenshown to becloselyre-
lated,asrevealedby psychophysical[47, 46, 19, 28], physiological[1, 29,9,44], and
imaging[10, 36] studies.Directingcovert attentionthusinvolvesa numberof sub-
cortical structuresthatarealsoinstrumentalin producingdirectedeye movements.
Theseincludethedeeperpartsof thesuperiorcolliculus; partsof thepulvinar; the
frontaleye �elds in themacaqueandits homologuein humans;theprecentralgyrus;
andareasin theintraparietalsulcusin themacaqueandaroundtheintraparietaland
postcentralsulci andadjacentgyri in humans.

1.3 Bottom-Up Contr ol
Oneimportantmodeof operationof attentionis largelyunconsciousanddrivenby

thespeci�c attributesof thestimuli presentin ourvisualenvironment.Thisso-called
bottom-upcontrolof visualattentioncaneasilybestudiedusingsimplevisualsearch
tasksasdescribedbelow. Basedontheseexperimentalresults,severalcomputational
theoriesandmodelshavebeendevelopedfor how attentionmaybeattractedtowards
a particularobjectin thesceneratherthananother.

1.3.1 Visual Search and Pop-Out

Oneof themosteffective demonstrationsof bottom-upattentionalguidanceuses
simplevisualsearchexperiments,in which an odd targetstimulusto be locatedby
the observer is embeddedwithin an arrayof distractingvisual stimuli [52]. Origi-
nally, theseexperimentssuggesteda dichotomybetweensituationswherethetarget
stimuluswould visually pop-outfrom thearrayandbefoundimmediately, andsitu-
ationswhereextensive scanningandinspectionof thevariousstimuli in thedisplay
wasnecessarybeforethe targetstimuluscouldbe located(Figure 2). The pop-out
casessuggestthatthetargetcanbeeffortlesslylocatedby relyingonpreattentivevi-
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Figure 1

Major brain areasinvolved in the deploymentof selective visual attention. Al-
though single-endedarr owsareshown to suggestglobal information �o w (fr om
theeyesto prefrontal cortex),anatomicalstudiessuggestreciprocalconnections,
with the number of feedback�bers often exceedingthat of feedforward �bers
(exceptbetweenretina and LGN). Cortical areasmay begroupedinto two main
visual pathways: the dorsal “wher e/how” pathway (fr om V1 to DLPFC via
PPC) is mostly concerned with spatial deployment of attention and localiza-
tion of attendedstimuli, while the ventral “what” pathway (fr om V1 to VLPFC
via IT) is mostly concerned 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 geniculatenucleus; 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.

sualprocessingover theentirevisualscene.In contrast,theconjunctivesearchcases
suggestthatattendingto thetargetis a necessarypreconditionto beingableto iden-
tify it asbeingtheuniquetarget,thusrequiringthat thesearcharraybeextensively
scanneduntil thetargetbecomestheobjectof attentionalselection.

Furtherexperimentationhasrevealedthattheoriginaldichotomybetweenthefast,
parallel searchobserved with pop-outdisplaysand slower, serial searchobserved
with conjunctivedisplaysrepresentthetwo extremesof a continuumof searchdif�-
culty [58]. Nevertheless,theseexperimentsclearlydemonstratethatif atargetdiffers
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signi�cantly from its surround(in wayswhichcanbecharacterizedin termsof visual
attributesof thetargetanddistractors),it will immediatelydraw attentiontowardsit-
self. Thus,theseexperimentsevidencehow thecompositionof thevisualscenealone
is a potentiallyverystrongcomponentof attentionalcontrol,guidingattentionfrom
thebottomof thevisualprocessinghierarchyup.

1.3.2 Computational Models and the Salienc y Map

The featureintegrationtheoryof Treismanandcolleagues[52] that wasderived
from visualsearchexperimentshasservedasabasisfor many computationalmodels
of bottom-upattentionaldeployment. This theoryproposedthat only fairly simple
visualfeaturesarecomputedin amassively parallelmannerovertheentireincoming
visualscene,in earlyvisualprocessingareasincludingprimaryvisualcortex. Atten-
tion is thennecessaryto bind thoseearly featuresinto a moresophisticatedobject
representation,and the selectedboundrepresentationis (to a �rst approximation)
theonly partof thevisualworld which passesthoughtheattentionalbottleneckfor
furtherprocessing.

The�rst explicit neurally-plausiblecomputationalarchitectureof asystemfor the
bottom-upguidanceof attentionwas proposedby Koch and Ullman [27], and is
closelyrelatedto the featureintegrationtheory. Their model is centeredarounda
saliency map,that is, anexplicit two-dimensionaltopographicmapthatencodesfor
stimulusconspicuity, or salience,at every locationin thevisualscene.Thesaliency
mapreceivesinputsfrom earlyvisual processing,andprovidesan ef�cient control
strategy by which the focusof attentionsimply scansthe saliency mapin orderof
decreasingsaliency.

This generalarchitecturehasbeenfurther developedandimplemented,yielding
thecomputationalmodeldepictedin Figure 3 [24]. In this model,theearlystages
of visual processingdecomposethe incomingvisual input throughan ensembleof
feature-selective �ltering processesendowedwith contextualmodulatoryeffects.In
orderto controlasingleattentionalfocusbasedonthismultiplicity in therepresenta-
tion of theincomingsensorysignals,it is assumedthatall featuremapsprovideinput
to thesaliency map,which topographicallyrepresentsvisualsalience,irrespectively
of thefeaturedimensionby which a givenlocationwassalient.Biasingattentionto
focusontothemostsalientlocationis thenreducedto drawing attentiontowardsthe
locusof highestactivity in thesaliency map. This is achievedusinga winner-take-
all neuralnetwork, which implementsa neurallydistributedmaximumdetector. In
orderto preventattentionfrom permanentlyfocusingontothemostactive (winner)
locationin thesaliency map,thecurrentlyattendedlocationis transientlyinhibitedin
thesaliency mapby aninhibition-of-returnmechanism.After themostsalientloca-
tion is thussuppressed,thewinner-take-all network naturallyconvergestowardsthe
next mostsalientlocation,andrepeatingthisprocessgeneratesattentionalscanpaths
[27, 24].

Many successfulmodelsfor the bottom-upcontrol of attentionarearchitectured
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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 target is the only elementthat is dark
and oriented lik e the brighter elements); in this case,a serial search is initi-
ated, which will require more time as the number of elementsin the display is
increased.

arounda saliency map. What differentiatesthe models,then, is the strategy em-
ployed to prunethe incomingsensoryinput andextract salience.In an in�uential
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Typical architecture for a model of bottom-up visual attention based on a
saliency map. The input image is analyzed by a number of early visual �l-
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 saliencymap fr om all of
the featuremaps.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 salient location.

model mostly aimedat explaining visual searchexperiments,Wolfe [59] hypoth-
esizedthat the selectionof relevant featuresfor a given searchtaskcould be per-
formedtop-down, throughspatially-de�nedandfeature-dependentweightingof the
variousfeaturemaps. Although limited to caseswhereattributesof the target are
known in advance,thisview hasrecentlyreceivedexperimentalsupportfrom studies
of top-down attentionalmodulation(seebelow).

Tsotsosandcolleagues[55] implementedattentionalselectionusinga combina-
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tion of afeedforwardbottom-upfeatureextractionhierarchyandafeedbackselective
tuningof thesefeatureextractionmechanisms.In this model,thetargetof attention
is selectedat the top level of theprocessinghierarchy(theequivalentof a saliency
map),basedon feedforwardactivationandon possibleadditionaltop-down biasing
for certainlocationsor features.That locationis thenpropagatedbackthroughthe
featureextractionhierarchy, throughthe activation of a cascadeof winner-take-all
networksembeddedwithin thebottom-upprocessingpyramid. Spatialcompetition
for salienceis thusre�ned at eachlevel of processing,asthefeedforwardpathsnot
contributing to thewinning locationarepruned(resultingin the feedbackpropaga-
tion of an“inhibitory beam”aroundtheselectedtarget).

Itti etal. [25, 23, 24] recentlyproposedapurelybottom-upmodel,in whichspatial
competitionfor salienceis directlymodeledafternon-classicalsurroundmodulation
effects. The model employs an iterative schemewith early termination. At each
iteration,a featuremapreceivesadditionalinputsfrom theconvolution of itself by
a large difference-of-Gaussians�lter . The result is half-wave recti�ed, with a net
effect similar to a winner-take-all with limited inhibitory spread,which allows only
asparsepopulationof locationsto remainactive. After competition,all featuremaps
aresimplysummedto yield thescalarsaliency map.Becauseit includesa complete
biological front-end,this modelhasbeenwidely appliedto the analysisof natural
color scenes[23]. The non-linearinteractionsimplementedin this modelstrongly
illustrate how, perceptually, whethera given stimulus is salientor not cannotbe
decidedwithout knowledgeof thecontext within which thestimulusis presented.

Many othermodelshave beenproposed,which typically sharesomeof thecom-
ponentsof thethreemodelsjust described.In view of theaf�uence of modelsbased
on a saliency map,it is importantto notethatpostulatingcentralizedcontrolbased
on suchmapis not the only computationalalternative for the bottom-upguidance
of attention. In particular, DesimoneandDuncan[15] arguedthat salienceis not
explicitly representedby speci�c neurons,but insteadis implicitly codedin a dis-
tributedmodulatorymanneracrossthevariousfeaturemaps.Attentionalselectionis
thenperformedbasedontop-down weightingof thebottom-upfeaturemapsthatare
relevantto a targetof interest.This top-down biasing(alsousedin Wolfe's Guided
Searchmodel[59]) requiresthataspeci�c searchtaskbeperformedfor themodelto
yield usefulpredictions.

1.4 Top-Do wn Modulation of Early Vision

The generalarchitecturefor the bottom-upcontrol of attentionpresentedabove
openstwo importantquestionson thenatureof theattentionalbottleneck.First, is it
theonly meansthroughwhich incomingvisual informationmayreachhigherlevels
of processing?Second,doesit only involveone-wayprocessingof informationfrom
the bottom-up,or is attentiona two-way process,also feedingback from higher
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centersto earlyprocessingstages?

1.4.1 Are we blind outside of the focus of attention?

Recentexperimentshave shown how fairly dramaticchangesappliedto a visual
scenebeinginspectedmaygo unnoticedby humanobservers,unlessthosechanges
occurat the locationcurrentlybeingattendedto. Thesechangeblindnessexperi-
ments[38, 40] can take several forms, yielding essentiallythe sameconclusions.
Oneimplementationconsistsof alternatively �ashing two versionsof a samescene
separatedby a blank screen,with the two versionsdiffering very obviously at one
location(for example,a scenein which a jet airplaneis presentandoneof its reac-
torshasbeenerasedfrom oneof thetwo photographsto becompared).Althoughthe
alterationis obviouswhenonedirectly attendsto it, it takesnaive observersseveral
tensof secondsto locateit. Not unexpectedly, instancesof thisexperimentwhichare
themostdif�cult for observersinvolvea changeat a locationthatis of little interest
in termsof understandingand interpretingthe scene(for example,the aforemen-
tionedscenewith anairplanealsocontainsmany people,who tendto be inspected
in priority).

Theseexperimentsdemonstratethe crucial role of attentionin consciousvision:
unlessweattendto anobject,weareunlikely to consciouslyperceiveit in any detail
anddetectwhenit is altered.However, aswe will seebelow, this doesnecessarily
meanthatthereis novisionotherthanthroughtheattentionbottleneck.

1.4.2 Attentional Modulation of Early Vision

A numberof psychophysicalendelectrophysiologicalstudiesindicatethatweare
not entirely blind outsidethe focusof attention. At the early stagesof processing,
responsesarestill observedevenif theanimalis attendingaway from thereceptive
�eld at thesiteof recording[54], or is anesthetized[21]. Behaviorally, we canalso
performfairly speci�c spatialjudgmentson objectsnot beingattendedto [6, 14],
thoughthosejudgmentsarelessaccuratethanin thepresenceof attention[30, 61].
This is in particulardemonstratedby dual-taskpsychophysicalexperimentsin which
observersareableto simultaneouslydiscriminatetwo visualstimuli presentedat two
distantlocationsin thevisual�eld [30].

While attentionthusappearsnot to bemandatoryfor earlyvision, it hasrecently
becomeclear that it can vigorously modulate,top-down, early visual processing,
both in a spatially-de�nedandin a non-spatialbut feature-speci�cmanner[33, 53,
2]. This modulatoryeffect of attentionhasbeendescribedasenhancedgain [54],
biased[32, 35] or intensi�ed [30] competition,enhancedspatialresolution[61], or
asmodulatedbackgroundactivity [8], effectivestimulusstrength[42] or noise[17].

Of particular interestin a computationalperspective, a recentstudy by Lee et
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al. [30] measuredpsychophysicalthresholdsfor � ve simplepatterndiscrimination
tasks(contrast,orientationand spatial frequency discriminations,and two spatial
maskingtasks;32 thresholdsin total). They employedadual-taskparadigmto mea-
surethresholdseitherwhenattentionwas fully availableto the taskof interest,or
whenit waspoorly availablebecauseengagedelsewhereby a concurrentattention-
demandingtask.Themixedpatternof attentionalmodulationobservedin thethresh-
olds(up to 3-fold improvementin orientationdiscriminationwith attention,but only
20%improvementin contrastdiscrimination)wasquantitatively accountedfor by a
computationalmodel. It predictedthatattentionstrengthensa winner-take-all com-
petitionamongneuronstunedto differentorientationsandspatialfrequencieswithin
onecorticalhypercolumn[30], a propositionwhichhasrecentlyreceivedadditional
experimentalsupport.

Theseresultsindicatethatattentiondoesnot implementa feed-forward,bottom-
up informationprocessingbottleneck.Rather, attentionalsoenhances,throughfeed-
back,earlyvisualprocessingfor boththelocationandvisualfeaturesbeingattended
to.

1.5 Top-Do wn Deplo yment of Attention
Theprecisemechanismsby whichvoluntaryshiftsof attentionareelicitedremain

elusive, althoughseveral studieshave narroweddown the brain areasprimarily in-
volved[20, 11, 24]. Herewe focuson two typesof experimentsthatclearlydemon-
stratehow, �rst, attentionmaybedeployedon a purelyvoluntarybasisontooneof
several identicalstimuli (sothatnoneof thestimuli is moresalientthantheothers),
and,second,how eyemovementsrecordedfrom observersinspectinga visualscene
with the goal of answeringa questionaboutthat scenearedramaticallyin�uenced
by thequestionbeinganswered.

1.5.1 Attentional Facilitation and Cueing

Introspectioneasilyrevealsthatwe areableto voluntarily shift attentiontowards
any locationin our visual �eld, no matterhow inconspicuousthat locationmaybe.
More formally, psychophysicalexperimentsmay be usedto demonstratetop-down
shiftsof attention.A typical experimentinvolvescueinganobserver towardsoneof
severalpossibleidenticalstimuli presentedon a computerscreen.Thecueindicates
to theobserverwhereto focuson,but only atahighcognitivelevel (e.g.,verbalcue),
sothatnothingin thedisplaywould directly attractattentionbottom-uptowardsthe
desiredstimulus.Detectionor discriminationof thestimulusat theattendedlocation
aresigni�cantly better(e.g.,lowerreactiontimeor lowerpsychophysicalthresholds)
thanat uncuedlocations.Theseexperimentshencesuggestthatvoluntarily shifting
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attentiontowardsa stimulusimprovestheperceptionof thatstimulus.
Similarly, experimentsinvolving decisionuncertaintydemonstratethatif a stimu-

lus is to bediscriminatedby a speci�c attribute that is known in advance(e.g.,dis-
criminatethespatialfrequency of a grating),performanceis signi�cantly improved
comparedto situationswhereonerandomlychosenof severalpossiblestimulusat-
tributesareto bediscriminated(e.g.,discriminatethespatialfrequency, contrastor
orientationof a grating). Thus,we appearto alsobe ableto voluntarily selectnot
only whereto attendto, but alsothe speci�c featuresof a stimulusto be attended.
Theseresultsarecloselyrelatedto andconsistentwith thespatialandfeaturalnature
of attentionalmodulationmentionedin theprevioussection.

1.5.2 In�uence of Task

Recordingeyemovementsfrom humanobserverswhile they inspectavisualscene
hasrevealeda profoundin�uence of taskdemandson thepatternof eyemovements
generatedby theobservers[60]. In a typical experiment,differentobserversexam-
ine a samephotographwhile their eye movementsarebeingtracked,but areasked
to answerdifferentquestionsaboutthescene(for example,estimatetheageof the
peoplein thescene,or determinethecountryin which thephotographwastaken).
Althoughall observersarepresentedwith an identicalvisual stimulus,thepatterns
of eyemovementsrecordeddiffer dramaticallydependingon thequestionbeingad-
dressedby eachobserver. Theseexperimentsclearlydemonstratethattaskdemands
playa critical role in determiningwhereattentionis to befocusednext.

Building in partoneye trackingexperiments,Starkandcolleagues[37] havepro-
posedthescanpaththeoryof attention,accordingto which eye movementsaregen-
eratedalmostexclusively undertop-down control. The theoryproposesthat what
we seeis only remotelyrelatedto thepatternsof activationof our retinas;rather, a
cognitivemodelof whatweexpectto seeis at thebasisof ourpercept.Thesequence
of eyemovementswhichwemaketo analyzeascene,then,is mostlycontrolledtop-
down by our cognitivemodelandservesthegoalof obtainingspeci�c detailsabout
theparticularsceneinstancebeingobserved,to embelishthemoregenericinternal
model.This theoryhashada numberof successfulapplicationsto roboticscontrol,
in whichaninternalmodelof a robot'sworkingenvironmentwasusedto restrictthe
analysisof incomingvideo sequencesto a small numberof circumscribedregions
importantfor a giventask.

1.6 Attention and Scene Under standing
Wehaveseenhow attentionis deployedontoourvisualenvironmentthroughaco-

operationbetweenbottom-upandtop-down driving in�uences.Onedif�culty which
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thenarisesis the generationof propertop-down biasingsignalswhenexploring a
novel scene;indeed,if the scenehasnot beenanalyzedandunderstoodyet using
thoroughattentionalscanning,how canit beusedto directattentiontop-down? Be-
low we explore two dimensionsof this problem: First, we show how alreadyfrom
a very brief presentationof a scenewe areableto extract its gist, basiclayout,and
a numberof othercharacteristics.This suggeststhatanotherpartof our visualsys-
tem,which operatesmuchfasterthanattention,might beresponsiblefor this coarse
analysis;the resultsof this analysismay thenbe usedto guideattentiontop-down.
Second,we explorehow severalcomputervision modelshave useda collaboration
betweenthewhereandwhatsubsystemsto yield sophisticatedscenerecognitional-
gorithms.Finally, wecasttheseresultsinto amoreglobalview of our visualsystem
andthefunctionof attentionin vision.

1.6.1 Is scene under standing purel y attentional?

Psychophysicalexperimentspioneeredby Biedermanand colleagues[4] have
demonstratedhow we canderive coarseunderstandingof a visualscenefrom a sin-
glepresentationthatis sobrief (80msor less)thatit precludesany attentionalscan-
ningor eyemovement.A particularlystrikingexampleof suchexperimentsconsists
of presentingto anobserver a rapidsuccessionof unrelatedphotographsof natural
scenesat a high framerate(over 10 scenes/s).After presentationof thestimuli for
several tensof seconds,observersareasked whethera particularscene,for exam-
ple anoutdoorsmarket scene,waspresentamongtheseveralhundredphotographs
shown. Althoughtheobserversarenot madeawarein advanceof thequestion,they
areableto provide a correctanswerwith an overall performancewell over chance
(Biederman,personalcommunication).Furthermore,observersareableto recall a
numberof coarsedetailsaboutthe sceneof interest,suchaswhetherit contained
humanpersons,or whetherit washighly colorful or ratherdull.

Theseandmany relatedexperimentsclearlydemonstratethatsceneunderstanding
doesnotexclusively rely onattentionalanalysis.Rather, averyfastvisualsubsystem
which operatesin parallel with attentionallows us to rapidly derive the gist and
coarselayout of a novel visual scene.This rapid subsystemcertainlyis oneof the
key componentsby whichattentionmaybeguidedtop-down towardsspeci�c visual
locations.

1.6.2 Cooperation between Where and What

Severalcomputervisionmodelshavebeenproposedfor extendedobjectandscene
analysisthat rely on a cooperationbetweenan attentional(where)and localized
recognition(what)subsystems.

A very interestinginstancewas recentlyprovided 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 disambiguatingits identity. To thisend,ahierarchicalknowledgetree
is trainedinto themodel,in which leavesrepresentidenti�ed objects,intermediary
nodesrepresentmoregeneralobjectclasses,andlinks betweennodescontainsenso-
rimotor informationusedfor discriminationbetweenpossibleobjects(i.e., bottom-
upfeatureresponsesto beexpectedfor particularpointsin theobject,andeyemove-
mentvectorstargetedat thosepoints).During theiterative recognitionof anobject,
thesystemprogramsits next �xation towardsthelocationwhich will maximallyin-
creaseinformationgainabouttheobjectbeingrecognized,andthuswill bestallow
themodelto discriminatebetweenthevariouscandidateobjectclasses.

Several relatedmodelshave beenproposed[43, 48, 49, 13, 24], in which scan-
paths(containingmotorcontrol directivesstoredin a “where” memoryandlocally
expectedbottom-upfeaturesstoredin a “what” memory)arelearnedfor eachscene
or objectto berecognized.Thedifferencebetweenthevariousmodelscomesfrom
thealgorithmusedto matchthesequencesof where/whatinformationto thevisual
scene.Theseincludeusinga deterministicmatchingalgorithm(i.e., focusnext onto
thenext locationstoredin thesequencebeingtestedagainstthenew scene),hidden
Markov models(wheresequencesarestoredastransitionprobabilitiesbetweenlo-
cationsaugmentedby thevisual featuresexpectedat thoselocations),or evidential
reasoning(similar to the modelof Schill andcolleagues).Thesemodelstypically
demonstratestrongability to recognizecomplex grayscalescenesand faces,in a
translation,rotationandscaleindependentmanner, but cannotaccountfor non-linear
imagetransformations(e.g.,three-dimensionalviewpointchange).

While thesemodelsprovide very interestingexamplesof cooperationbetweena
fastattentionalcueingsystemanda slower localizedfeatureanalysissystem,their
relationshipto biology hasnot beenemphasizedbeyond the generalarchitectural
level. Teasingapartthebrainmechanismsby whichattention,localizedrecognition,
andrapidcomputationof scenegist andlayoutcollaboratein normalvision remains
oneof themostexciting challengesfor modernvisualneuroscience[39].

1.6.3 Attention as a component of vision

In this section,we have seenhow vision reliesnot only on the attentionalsub-
system,but morebroadlyon a cooperationbetweencrudepreattentive subsystems
for thecomputationof gist, layoutandfor bottom-upattentionalcontrol,andtheat-
tentivesubsystemcoupledwith thelocalizedobjectrecognitionsubsystemto obtain
�ne detailsat variouslocationsin thescene(Figure4).

This view on thevisualsystemraisesa numberof questionswhich remainfairly
controversial. Theseareissuesof the internalrepresentationof scenesandobjects
(e.g.,view-basedversusthree-dimensionalmodels,or a cooperationbetweenboth),
andof thelevel of detailwith whichscenesarestoredin memoryfor laterrecalland
comparisonto new scenes(e.g.,snapshotsversuscrudestructuralmodels). Many
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Figure 4

Simpli�ed architecture for the understanding of visual scenes,extendedfr om
Rensink's (2000)triadic model. The incoming visual sceneis analyzedby low-
level visual processes(top) in a massively-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 interesting locations in 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 veunderstandingof the contentsof the scene.This understandingaswell as
the goalspeci�cation bias the low-level vision thr oughfeedbackpathways.

c
�

2001by CRCPressLLC



of theseissuesextendwell beyond the scopeof the presentdiscussionof selective
visualattention.Nevertheless,it is importantto think of attentionwithin thebroader
framework of vision andsceneunderstanding,asthis allows usto delegatesomeof
thevisualfunctionsto non-attentionalsubsystems.

1.7 Discussion
We have reviewedsomeof thekey aspectsof selective visualattention,andhow

thesecontributemorebroadlyto our visualexperienceanduniqueability to rapidly
comprehendcomplex visualscenes.

Looking at theevidenceaccumulatedso far on thebrainareasinvolvedwith the
control of attentionhasrevealeda complex interconnectednetwork, which spans
from theearlieststagesof visualprocessingupto prefrontalcorticalareas.To alarge
extent, this network servesnot only the functionof guidingattention,but is shared
with othersubsystems,including theguidanceof eye movements,thecomputation
of earlyvisualfeatures,therecognitionof objectsandtheplanningof actions.

Attentionis guidedtowardsparticularlocationsin our visualworld undera com-
binationof competingconstraints,whichincludebottom-upsignalsderivedfrom the
visual input, and top-down contraintsderived from taskpriority andsceneunder-
standing.The bottom-upcontrol of attentionis clearly evidencedby simplevisual
searchexperiments,in which our attentionis automaticallydrawn towardstargets
thatpop-outfrom surroundingdistractors.This bottom-upguidanceis certainlythe
bestunderstoodcomponentof attention,andmany computationalmodelshavebeen
proposedwhich replicatesomeof thehumanperformanceatexploringvisualsearch
stimuli. Mostmodelshaveembracedtheideathatasingletopographicsaliency map
maybeanef�cient centralizedrepresentationfor guidingattention.Severalof these
modelshave beenapplied to photographsof naturalscenes,yielding remarkably
plausibleresults. Oneof the importanttheoreticalresultsderived from bottom-up
modelingis the critical role of cortical interactionsin pruningthemassive sensory
input suchasto extractonly thoseelementsof thescenethatareconspicuous.

In partguidedby bottom-upcues,attentionthusimplementsan informationpro-
cessingbottleneck,which allows only selectelementsin the sceneto reachhigher
levelsof processing.But notall vision is attentional,andeventhoughwemayeasily
appearblind to imagedetailsoutsidethe focusof attention,thereis still substantial
residualvisionof unattendedobjects.Thatis, theattentionalbottleneckis not strict,
andsomeelementsin thevisualscenemayreachourconsciousperceptionif they are
suf�ciently salient,eventhoughattentionmight beengagedelsewherein thevisual
environment.

In addition,attentionalselectionappearsto be a two-way process,in which not
onlyselectedsceneelementsarepropagatedupthevisualhiererchy, but therepresen-
tationof theseelementsis alsoenhanceddown to theearliestlevelsof thehierarchy

c
�

2001by CRCPressLLC



throughfeedbacksignals. Thusattentionnot only servesthe function of selecting
a subsetof the currentscene,but alsoprofoundlyaltersthe cortical representation
of this subset.Computationally, onemechanismfor this enhancementwhich enjoys
broadvalidity acrossa variety of visual discriminationtasksis that attentionmay
activatea winner-take-all competitionamongvisual neuronsrepresentingdifferent
aspectsof asamevisuallocation,thusmakingmoreexplicit whatthedominantchar-
acteristicof that locationis. Top-down attentionalmodulationcanbe triggerednot
only on thebasisof location,but alsotowardsspeci�c visualfeatures.

Introspectioneasilymakesevidentthatattentionisnotexclusivelycontrolledbottom-
up. Indeed,we canwith little effort focusattentiononto any region of our visual
�eld, no matterhow inconspicuous.Volitional shifts of attentionare further evi-
dencedby psychophysicalexperimentsin which improvedperformanceis observed
whensubjectsknow in advancewhereor what to look for, andhencepresumably
useavolitional shift of attention(acrossspaceor featuredimensions)in preparation
for performingavisualjudgement.Theexactmechanismsby whichvolitional atten-
tion shiftsareelicitedremainratherelusive,but it hasbeenwidely demonstratedthat
high-level taskspeci�cations,suchasa questionasked abouta visual scene,have
dramaticeffectson thedeploymentof attentionandeyemovementsontothescene.

Finally, it is importantto considerattentionnot asa visual subsystemof its own
thatwould have little interactionwith otheraspectsof vision. Indeed,we have seen
that it is highly unlikely, or impossibleunderconsitionsof very brief presentation,
thatwe analyzeandunderstandcomplex scenesonly throughattentionalscanning.
Rather, attention,object recognition,and rapid machanismsfor the extraction of
scenegist andlayout cooperatein a remarkablemulti-threadedanalysiswhich ex-
ploitsdifferenttimescalesandlevelsof detailswithin interactingprocessingstreams.
Althoughtremendousprogresshasbeenmadeover thepastcenturyof thescienti�c
studyof attention,startingwith William James,many of thekey componentsof this
complex interactingsystemremainpoorly understoodandelusive, thusposingever
renewedchallengesfor futureneuroscienceresearch.
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