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Abstract

Visualcognitiondependscritically on themoment-to-momentorientationof gaze.Gazeis changed

by saccades, rapid eye movementsthat orient the foveaover targetsof interestin a visual scene.

Saccadesareballistic; a prespeci®edtarget locationis computedprior to themovementandvisual

feedbackis precluded.Oncea target is ®xated,gazeis typically held for about300 milliseconds,

althoughit canbe held for both longerandshorterintervals. Despitethesedistinctive properties,

therehasbeennospeci®ccomputationalmodelof thegazetargetingstrategyemployedby thehuman

visualsystemduringvisualcognitivetasks.Thispaperproposessuchamodelthatusesiconicscene

representationsderivedfrom orientedspatiochromatic®ltersat multiple scales.Visualsearchfor a

targetobjectproceedsin acoarse-to-®nefashionwith thetarget's largestscale®lterresponsesbeing

compared®rst. Task-relevant target locationsarerepresentedassaliency mapswhich areusedto

programeye movements. Once®xated,targetsare rememberedby usingspatialmemoryin the

formof object-centeredmaps.Themodelwasempiricallytestedby comparingits performancewith

actualeye movementdatafrom humansubjectsin naturalvisualsearchtasks.Experimentalresults

indicateexcellentagreementbetweeneye movementspredictedby the modelandthoserecorded

from humansubjects.



1 Intr oduction

Humanvision reliesextensively on theability to makesaccadiceye movements.Theserapideye

movements,whicharemadeattherateof aboutthreepersecond,orientthehigh-acuityfovealregion

of the eye over targetsof interestin a visual scene. The characteristicpropertiesof saccadiceye

movements(or saccades)have beenwell studied[Carpenter, 1988]. Thehigh velocity of saccades,

reachingup to 700
�

persecondfor largemovements,servesto minimizethe time in ¯ight, so that

mostof thetime is spent®xatingthechosentargets. Saccadesareknown to beballistic, i.e., their

®nallocation is computedprior to making the movementand the trajectoryof the movementis

uninterruptedby incomingvisual signals. Furthermore,owing to the structureof the retina, the

central1 � 5
�

of the visual ®eldarerepresentedwith a visual resolutionthat is many timesgreater

thanthatof theperiphery. Saccadessubserve theimportantfunctionof bringingthishigh resolution

fovealregionontotargetsof interestin thevisualscene.Initial eyemovementstudiesthussuggested

that theprimaryrole of saccadesmight be to compensatefor the lack of resolutionover thevisual

®eldby ªpaintingº animageinto aninternalmemory. It wasproposedthatthesaccadicmovements

andtheirresultant®xationsallowedtheformationof avisual-motormemory(ªscanpathº)thatcould

beusedfor encodingobjectsandscenes[NotonandStark,1971]. However, a numberof studies,

startingfromYarbus' classicalwork[Yarbus,1967], havesuggestedthatgazechangesaremostoften

directedaccordingto theongoingdemandsof thetaskathand.

Thetask-speci®cuseof gazeis bestunderstoodfor readingtext [O'Regan,1990] wheretheeyes

®xatealmosteveryword,sometimesskippingoversmallfunctionwords.In addition,it is knownthat

saccadesizeduringreadingis modulatedaccordingto thespeci®cnatureof thepatternrecognition

task at hand[Kowler and Anton, 1987]. Tasksrequiring same/different judgmentsof complex

patternsalsoelicit characteristicsaccades[JustandCarpenter, 1976]. In chess,it hasbeenshown

thatsaccadesareusedto assessthecurrentsituationon theboardin thecourseof makingadecision

to move, but the exact informationthat is beingrepresentedis not yet known [ChaseandSimon,

1973]. In ataskinvolving thecopyingof amodelblockpatternonaboard,subjectshavebeenshown

to employ®xationsfor accessingcrucial informationduring differentstagesof the copyingtask

[Ballardet al., 1995;1997]. In naturallanguageprocessing,thereis recentevidencethat®xations

re¯ect theinstantaneousparsingof aspokensentence[Tanenhausetal., 1995]. Theroleof gazehas

beenstudiedby [LandandFurneaux,1997] in a varietyof othervisuo-motortaskssuchasdriving,

musicreadingandplayingpingpong. In eachcase,gazewasfoundto playacentralfunctionalrole,

closelylinked to theongoingtaskdemands.In summary, thesestudiesstronglysuggestthatgaze

controlandsaccadiceye movementsplayacrucialrole in mediatingvisualcognition,in additionto
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compensatingfor peripheralacuitylimitations.

An importantquestionnotaddressedby muchof theabovework is: whatpossiblecomputational

mechanismsunderliethecontrolof gaze?A modelof thesemechanismsis becomingincreasingly

importantin thelight of thecentralnatureof gazecontrolin visualcognition.Tosupporttask-directed

vision,sucha modelmustmeetat leastthefollowing threecriteria:

1. Generality: Any proposedmechanismfor targeting parts of an image must have broad

generalitysincesaccadictargetscanvarygreatlyaccordingto therequirementsof thecurrent

task.

2. Speed: Targetsmustbe computedquickly in orderto modelobserved humanperformance.

Using millisecondneuralcircuitry, the targetsfor the next ®xationneedto be computedin

approximately80-100milliseconds,allowing barelyonepassthroughthecortex [Thorpeand

Imbert,1989;OramandPerrett,1992].

3. SpatialMemory: Sincetheretinotopicrelationshipof targetstothepointof gazechangeswith

eachsaccadiceye movement,thegazecontrolmechanismmustincludesomeform of spatial

memoryfor operationssuchas remembering,inhibiting, and other forms of book-keeping

associatedwith saccadictargets.

This paperdescribesa generalmodel for ®xatingand rememberingtargets in naturalscenes

that meetsthesecriteria. The modelachieves targetingin arbitraryvisual scenesby usingiconic

(appearance-based)scenerepresentationsasgivenbytheresponsesof orientedspatiochromatic®lters

at multiple scales(Section2). Thecomputationof targetcoordinatesfor a saccadethenreducesto

a form of correlationbetweena ªtop-downº iconic targetrepresentationandtheªbottom-upºiconic

scenerepresentations.Sucha computationcan be achieved ef®cientlyby exploiting the known

architecturalfeaturesof the visual cortex (Section3). For new targets,the targetingcomputation

proceedssequentiallyin scale,with coarseresolutioninformationbeingusedin thecomputationof

targetcoordinatesprior to ®neresolutioninformation.Thiscomputationis capturedby thenotionof

saliencymapsatmultiplescales(Section3). For rememberedtargets,additionalspatialinformation

in scene-centeredcoordinatescanbeusedto speedup thetargetcomputation(Section6).

Eyemovementspredictedby themodelwerecomparedto actualeyemovementsmadebyhuman

subjectsin two visualtasks.In the®rsttask[Zelinsky et al., 1996] involving visualsearch,subjects

wereshown an imageof a realisticobjectandthenaskedto report,asquickly andaccuratelyas

possible,if it waspresentin a subsequentimagecontainingoneto ®ve similar objects(Section4).
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Another [Ballard et al., 1995] wasa visuo-motortask, wheresubjectswereaskedto replicatea

patternof coloredblocks(Section5). In bothtasks,theeyemovementspredictedby themodelwere

foundto bein closeagreementwith observedhumaneye movements.Weconcludein Section7 by

summarizingsomeof thefeaturesof themodelandbrie¯y discussingrelatedwork.

2 Iconic Representations

In orderto move theeyes,theremustbea mechanismthattranslatesthephotometricdatafrom the

opticarrayinto arepresentationthatcanbeusedby theoculomotorsystem.Therepresentationused

in our model is heavily in¯uencedby the ®rsttwo of the threecriteria listed in the introduction:

it shouldbe ableto representgeneraltargetsin arbitrarynaturalscenes,andit mustbe computed

quickly. Thesecriteria aremet in our modelby employingiconic representationsof targetsand

scenesthatcanbeextracteddirectly from theoptic array. This allows generalportionsof a scene

to be representedin a pre-categorical format without requiringany elaboratesegmentation. The

computationof saccadictargetcoordinatesis thenaccomplishedby correlatingthe iconic memory

of the targetwith the iconic representationof thecurrentoptic array. A correlationpeakindicates

themostlikely locationof thetargetin thecurrentimage,allowing a saccadeto beexecutedto that

location. Likewise, invarianceto gazedirectionis obtainedby rememberingprevious correlation

peaksandothertask-relevantinformationin scene-centeredcoordinates(seeSection6).

It wouldbeprohibitively expensive to encodeiconsin their literal form of raw imagessincethe

memoryneededwould thenscalewith thesizeandnumberof icons. A moreef®cientalternative is

to encodetheiconsusingtheir responsesto a setof spatiochromaticbasisfunctions. For example,

color canbe representedby a singleachromaticandtwo color opponentchannels(Figure1 (a)).

Along eachof thesechannels,alocalimagepatchcanbecharacterizedusingazerothorderGaussian
�

0 andnineof its orientedderivatives(Figure1 (b)) asfollows [FreemanandAdelson,1991]:

�����
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Theiconic representationfor thelocal imagepatchcenteredat ��� 0 �	� 0 � is formedby combining

into a high-dimensionalvectortheresponsesfrom thetenbasis®ltersabove at differentscales:
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Figure1: Spatiochromatic BasisFunctions. Motivationfor thesebasisfunctionscomesfrom statisticalcharacter-
izationsof naturalimagestimuli [Derrico andBuchsbaum,1991;Hancocket al., 1992;OlshausenandField, 1996;
RaoandBallard,1997b;Bell andSejnowski, 1996]. (a) shows theweightsassignedto the threeinputcolor channels,
generatinga singleachromaticchannel(R+G+B)andtwo color-opponentchannels(R-G andB-Y). (b) shows thenine
orientedspatial®ltersat threeoctave-separatedscalesfor eachof thethreechannelsin (a)(brightregionsdenotepositive
magnitudewhile darkerregionsdenotenegative magnitude). At eachscale,thesenine ®ltersare comprisedof two
®rst-orderderivatives (

�

1) of a 2D photometricGaussian,threesecond-orderderivatives(
�

2), and four third-order
derivatives(

�

3). Thus,therearethreecolor channels,threescalesperchannel,andninespatial®ltersperscale,for a
totalof 81®lterresponsescharacterizingeachlocationin theimage.These81spatiochromaticmeasurementsatagiven
imagelocationcanberegardedasa photometricsignatureof thelocal imageregioncenteredat thatlocation.
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where
�


 0 � 1 � 2 � 3 denotesthe orderof the ®lter, �


 1 �

� � �

�

�

� 1 denotesthe different®lters

per order, and �




���

�

�

�

� � �

�

������� denotesthe differentscalesof the ®lters. For computational

ef®ciency, a Gaussianpyramidrepresentationof the imagecan also be usedto generateoctave-

separatedmultiscaleresponsesfrom a setof basis®lterkernelsat a ®xedscale. This strategy was

usedin thevisualsearchsimulations.In particular, thesearchsimulations(Section4) usedgrayscale

stimuli, with ®ve spatialscalesandnine®ltersperscalefor a total of 45 measurementsper image

location.For themodelsimulationswith coloredblocks(Section6), threespatialscaleswereused,

togetherwith nine ®ltersper scaleand threecolor channels,for a total of 81 measurementsper

location.

Thesemultiscale image representationsare intendedto roughly model the hierarchicaland

distributedrepresentationof retinal imagesin striateandextra-striatevisualcortex, ascapturedby

the responsesof neuronsin theseretinotopicallyorganizedareas.Figure1 shows the ®lter-based

representationsat threedifferentlocationson a displayof Duplo blocks. Despitethesimilaritiesin

thedisplay, theresponsesof thethreepointsarevery differentfrom eachother. The®lterresponse

vectorat an imagelocationin generalprovidesanalmostuniquerepresentationof the local image

regionsurroundingthatlocation.

Thebasisfunctionsdescribedabovewerepickedapriori, butverysimilarfunctionscanbelearned

from samplesof naturalimages[Barrow, 1987;Hancocket al., 1992;OlshausenandField, 1996;

RaoandBallard,1997b;Bell andSejnowski, 1996]. For example,a setof basisfunctionscanbe

learnedby usinga ªsoftº form of the competitive learningrule [Yair et al., 1992;Nowlan, 1990].

For a given input, eachweight vector (basisfunction), encodingthe synapticstrengthfrom the

inputs to an outputunit in a feedforwardneuralnetwork, is adaptedtowardsthe input vector in

proportionto its similarity with theinputvector. This generalizesthemorefrequentlyusedwinner-

take-allform of competitive learning[Grossberg, 1976;RumelhartandZipser, 1986], whereonly

themostsimilarweightvectoris modi®ed.It hasbeennotedthatthesoft competitive learningrule

performsmaximumlikelihoodestimation[Nowlan,1990] andgeneratespiece-wiseapproximations

to the principal surfacesof datadistributions[Mulier andCherkassky, 1995;Ritter et al., 1992];

thesesurfacesarenonlineargeneralizationsof thelineartechniqueof principalcomponentsanalysis

[Chat®eldandCollins, 1980]. Sucha learningprocedureallows theweightsfor eachcolorchannel

to bedeterminedfrom red-green-blue(RGB) pixel inputs.Next, thelearningrule canbeappliedto

imagepatchesalongeachchannelseparately. Theresultantbasisfunctionsfor theachromaticchannel

resembleorientedGaussianderivative®ltersof differentorders[Barrow, 1987] (see[Olshausenand

Field, 1996;RaoandBallard,1997b;Bell andSejnowski, 1996] for alternatelearningstrategies).
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Figure2: Using Spatiochromatic Filters to Extract Task-DependentProperties. A portionof the blocksimage
usedin thecopyingtaskis shown at thetop. Thethreescalesat which the®ltersof Figure1 wereappliedto theimage
areshown on the left. (a) The®lterresponsesfor a locationon a white block. Eachindividual®lter, whenconvolved
with thelocalimageintensitiesnearthegivenimagelocation,resultsin onemeasurement,for atotalof 81measurements
per imagelocation. Positive responsesin the vectorare representedasan upwardbar above the horizontal,negative
responsesasa downwardbarbelow thehorizontal.As expected,thevectorfor thewhiteblockhasmany low responses
dueto the color-opponentchannelcoding. (b) The ®lterresponsevector for a locationon a red block. (c) The ®lter
responsevectorfor a locationin thegreenbackground.
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Suchderivativesalsocloselyresemble2DGabor®ltersandcanbeimplementedneurallyasdifference

of offsetGaussians(DOOG).They arethuscomparableto thereceptive ®eldweightingpro®lesof

simplecells in mammalianprimaryvisual cortex [Daugman,1980;Marcelja,1980;Young,1985;

Palmeretal., 1991].

Theuseof multiplescalesiscrucialtothevisualsearchmodel.In particular, thelargerthenumber

of scales,thegreatertheperspicuityof therepresentationasdepictedin Figure3, which shows the

frequency distributionof correlationsbetweenall pointsin thediningtableimage(Figure5 (b)) and

a ®xedtargetpoint in thesameimage.Thedistributionon theleft shows how using®lterresponses

ata singlescalecausesambiguityin theiconicscenerepresentations,with asmany as936pointsin

thescenehaving correlationsgreaterthan0 � 94 with respectto a ®xed target. However, when®ve

scalesareused,theambiguityis resolved,andonly asinglepoint (thetargetpoint)correlatesgreater

than0 � 94(indicatedby thearrow for bothhistograms).Thegreaterperspicuityresultspartlydueto

theinclusionof informationfrom additionalscalesandpartlydueto thehigh-dimensionalityof the

multiscalevectors.Thehigh-dimensionalityof thevectorsmakesthemremarkablyrobustto noise

dueto the orthogonalityinherentin high-dimensionalspaces:given any vector, almostall of the

othervectorsin thespacetendto be relatively uncorrelatedwith thegivenvector[Kanerva, 1988;

RaoandBallard,1995a], andalmostnoneareidenticalwith respectto eachother. Theresultis that

the®lterresponsevectorfor a givenpoint is uniquefor all practicalpurposesandcanthereforebe

usedto de®nesearchtargets.Thispropertyalsomakesthe®ltertemplaterobusttopartialocclusions,

whichcommonlyoccurin naturalviewing (see[RaoandBallard,1995a] for someexamples).

Beforeconcludingthissection,wenotethattheiconicrepresentationscanalsobemadeinvariant

to rotationsin the imageplane(for a ®xedscale)without additionalconvolutionsby exploiting the

propertyof steerability [FreemanandAdelson,1991] to rotatethe ®lterresponsesto a canonical

orientation. View rotationsaboutan imageplaneaxis are amelioratedin two ways. First, the

relianceon a large numberof responsesrendersthe multiscaleresponsevectorrobust to changes

in the responsesof a few individual ®lterscausedby the geometriceffect of changein viewing

position.More importantly, the®lterresponsesaredominatedby a cosineenvelope,sothatthereis

ausefulrangeof rotationsfor whichtheresponseswill beeffectively invariant.Drasticrotationsare

handledby storingfeaturevectorsfrom differentviews. Themultiscalerepresentationalsoallows

interpolationstrategies for scaleinvariance. We refer the interestedreaderto [Raoand Ballard,

1995a] for moredetails.
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Figure3: The Effect of Scale. The distribution of distances(in termsof correlations)betweenthe ®lterresponse
vectorfor a selectedtargetpoint in thedining tablescene(Figure5 (b)) andall otherpointsin thesceneis shown for
singlescaleresponsevectors(a) andmultiplescalevectors(b). Usingresponsesfrom multiplescales(®ve in thiscase)
resultsin greaterperspicuityanda sharperpeaknear0.0. The most importantfeatureof theseplots appearsat the
extremeright handside. Only onepoint (thetargetpoint)hasa correlationgreaterthan0 � 94(demarcatedby anarrow)
in themultiplescalecase(b) whereas936candidatepointsfall in thiscategory in thesinglescalecase(a).

3 Modeling Visual Search

We have arguedelsewhere[RaoandBallard,1995a;Ballardet al., 1997] thatvisualbehavior can

be viewed as task-speci®ccompositionsof visual routines[Ullman, 1984]. In particular, visual

behaviors can be composedusing two different typesof visual routines. One classof routines

computesallocentricpropertiesof thevisualimagenearthefovea(ªwhatº). Theothersubservesthe

functionof locatingapreviouslymemorizedprototypeanywhereontheretina(ªwhereº). Ourmodel

for eyemovementsin visualsearchandrelatedvisualcognitive tasksis derivedfrom thisview.

Thevisualsearchmodelis composedof threeseparateproceduresthatcaneachoperatelargely

independentof eachother, while atthesametimecooperatingto solvethecurrentvisualsearchtask:

1. A targetingprocess(or ªwhereºprocess)thatcomputesthenext locationto be®xated.

2. A decisionprocess(or ªwhatº process)thatmatchesa storediconic objectrepresentationto

thecurrentfoveatedimageregion.1

3. An oculomotorprocessthatacceptsretinotopictargetlocationsfrom theªwhereºprocessand

executesa saccadeto thetargetlocation(a methodfor learningthis sensorimotormappingis

givenin [RaoandBallard,1995b]).

1This is essentiallytheidenti®cationvisualroutine,describedin greaterdetailin [RaoandBallard,1995a].
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Weassumethattheseprocessesarerunningconcurrently. Theoculomotorprocesswill continue

to beexecuteeye movementsaslong asthedecisionprocesshasnot terminated,usingthecurrent

bestguessof targetlocationascomputedby thetargetingprocess.

All threeprocessesusea saliencymap[Koch andUllman, 1985] to representlocations. The

saliency mapisaretinotopicallyorganizedarrayof modelneurons.Neuralactivity atagivenlocation

in this mapis assumedto representthe correspondingretinotopicspatiallocation. The degreeof

activity of agivenneuronrepresentstheweightaccordedto its correspondingretinotopiclocation,as

determinedby the®lter-basedcorrelationresultsfrom thetargetingprocess.This weighthasadual

purposein that in additionto allowing the oculomotorprocessto ®xatetarget locationswith high

correlations,themaximumvalueof theweightcanalsobeusedby thedecisionprocessto judgethe

presenceof thetargetat a peripherallocation.Thedecisionprocessneedonly usea signal-to-noise

criterionto decidewhetherthecorrelationpeakin thesaliency mapis highenoughsothatthetarget

canbeassumedto bepresentwithoutactually®xatingthetarget.

Unlike many previousapproaches,thesaliency mapin theproposedmodelis computedusing

both ªbottom-upº input-derived scenerepresentationsas well as ªtop-downº task-speci®ctarget

representations.Thecomputationof suchasaliency mapcanbesummarizedasfollows. Objectsof

interestto thecurrentsearchtaskareassumedto berepresentedby asetof memorized®lterresponse

vectors,

�

- where� denotesthescaleof the®ltersand � denotesaparticulartargetobjectin memory.

Given a new input image,the targetingprocesscomputesthe most likely locationof the target as

follows:

1. Setthesaliency mapto zerosat all locationsi.e.
�

���&�'�

�


 0 for all ���)�	�

� .

2. Computethesaliency map
�

acrossall locations���)�	�

� as

�

���)�	�

�




�����

�

-��

1

���

,

-

���&�'�

�

%

,

�

-

��� 2 (4)

where
��� �����

denotestheEuclideannormof thevector
�

. In otherwords,thesaliency valueat

location ���)�	�

� issimplythesumof squareddifferencesbetweenthecorrespondingcomponents

of the®lterresponsevector ,

- at that imagelocationandthememorizedtargetobjectvector
,

�

- , acrossall ®lterscales�


 1 �

� � �

�	�
	 � .

3. Thelocationfor saccadictargetingis theonethatis closestto thetargetin termsof Euclidean

distance:

� Ã�)� Ã�

�


 argmin
�

���)�	�

� (5)
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(a) (b) (d)(c)

Figure4: Visual Search Using Spatial Filter Responses. The simplestform of the visual searchmodelis based
on winner-take-allcorrelationmatching. (a) At a given location,the®lterresponsesareremembered.(b) Next, gaze
is transferedto anotherpoint. The searchproblemis to ®ndthe original locationin this new view. (c) The saliency
map,showing thehighestcorrelationvalue(brightestpoint)at theoriginal location. (d) Gazeis transferedbackto that
location.

In a neurobiologicalsetting,themodelassumesthatthememorizedtop-down targetrepresentations
,

� canbecorrelatedwith thecurrentstriateandextra-striaterepresentations,

���&�'�

� by exploiting the

massivefeedbackconnections[FellemanandVanEssen,1991] fromhighercorticalareas,including

areasin the infero-temporalcortex andpossiblyfrontal lobe regions,wherethememorizedtarget

representationsareassumedto bestored.Theresultsof thismultiscalecorrelationprocessoccurring

in the ventraloccipito-temporalpathwayarestoredwithin the varioussaliency mapsat multiple

scales�


 1 �

� � �

�	�
	 � . Theseobject locationmapsare assumedto residein the hierarchically

organizedareasof thedorsaloccipito-parietalpathway.

The ªwinner-take-allº algorithmgiven above is the simplestversionof the targetingprocess,

wherea singlesaliency mapis calculatedacrossall ®lterscalesfor a givenimage,andthe location

� Ã�)� Ã�

� to be foveatedis chosento be theonewith thehighestcorrelationvaluewith respectto the

memorizedtarget i.e. the onewith the least
�

���)�	�

� . Figure4 illustratesthe utility of this simple

algorithmin a searchtask. Gaze,asdenotedby the cross-hairs,is ®rstdirectedto a given scene

locationasshown in (a). At thatpoint the®lterresponsesarememorized.Next, at somepoint in

the courseof the restof the behavior, it may be desirousto returnto the original locationfrom a

distal point. The targetingalgorithmis usedto correlatethe memorizedfeatureswith the current

retinotopicimage,resultingin a saliency mapasshown in (c). Notethat thecoordinatesystemof

thesaliency mapcanalsobeinterpretedin termsof ªsaccadicmotorerror.º Thus,thesaliency peak

canbeusedto drive theoculomotorcommandfor returningtheeyesto theoriginal target. This is

a very simplemodel. It is thereforenaturalto askwhetherdatafrom humansubjectssupportssuch

a model. Subsequentexperimentsshowedthattheperformanceof humansubjectsdiffersfrom this

simplemodel,but in aninterestingway thatcanbeaccountedfor by aslightchangein themodel.
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4 Comparing the Model to Experimental Data

In orderto validatethesimplewinner-take-alltargetingmodeldescribedin theprevioussection,eye

movementsfromfourhumansubjectswererecordedfor thefollowingsearchtask,describedin more

detail in [Zelinsky et al., 1996]. Subjectswereaskedto ®xatea point nearthebottomof a 12 � 16

degreedisplay. They weregivenaonesecondpreview of animagecontainingasingleobject(e.g.a

tool) at the®xationpoint. This wasfollowedapproximatelyonesecondlaterby a scenethat®lled

thedisplayandcontainedone,three,or ®ve objects(e.g.varioustools)on anappropriaterealistic

background(e.g. work bench). Imagesof the objectswereplacedon the backgroundon-line at

oneto ®ve of thesix possibleequi-eccentriclocations(22� 5
�

, 45
�

, 67� 5
�

, 112
�

, 135
�

, and157� 5
�

,

eachlocatedataneccentricityof 7
�

) alonganarccenteredon thesubject's initial ®xationpoint (see

Figure6 (b)). Theobjectsthemselvessubtendedabout2
�

of visualangle.Thesubjectswereasked

to indicate(by pressinga button), as quickly and accuratelyas possible,whetherthe previewed

objectwasamongthegroupof oneto ®veobjectsin thesubsequentview. Threedifferentscenes(a

dining table,a work bench,anda crib), eachwith their correspondingsetof tenobjects,wereused

(Figure5). For eachsubject,eachof thesearchtrials testeda uniquecon®gurationof objectsand

positions.Thetrialswereevenlydividedinto randomlyinterleavedtarget-presentandtarget-absent

conditionsfor setsizesof one, three,and®ve objects. Eye movementswererecordedwhenthe

subjectsperformedthis visual searchtask for both color andgrayscaleimagesof the targetsand

scenes.Thesubject's eye wastrackedusingan
���

�

���

�

�

�

	��

���

� - 	�

�

	����

�

���

�

�

�

�

Eyetracker.

The typical eye movementselicited in this particulartaskareshown in Figure6 (a). Rather

thana singlemovementto the locationof thememorizedtarget,several saccadesaretypical, with

eachsuccessive saccademoving closerto thetargetlocation(Figure6 (b)). This ªskippingº of the

saccadesin thissearchparadigmwasunexpectedbut provedto beanextraordinarilyrobust®nding,

occurringin almostall trialsacrossall four subjects[Zelinsky et al., 1996].

Themovementof the®rstsaccadeto thecenterof theimagesuggestedthatthismightbeacenter-

of-gravity effect [CorenandHoenig,1972;Findlay, 1982;1987;He andKowler, 1989], causedby

thepresenceof many plausibletargetsin thescene.In thecaseof themodel,multiple ªskippingº

saccadesto a targetwouldoccurif thecomputationof thesaliency maphadthreeproperties:

1. Saliency mapcomputationwasslower thanthetime neededto makeaneye movement.This

would imply that eye movementsaremadeto target locationsasdeterminedby the current

stateof thesaliency map,ratherthanwaitinguntil the®nalstatehasbeencomputed.

2. The saliency map wascomputedusing the larger spatialscale®lters®rst,addingsaliency

informationfrom successively ®nerscalesasthesearchprocessevolvesover time.
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(b)(a)

(c)

Figure5: Objects and Scenesused in the Visual Search Experiments. Threedifferentsceneswereused,each
with ten testobjects. Theseten objectsare shown in two rows of ®ve objectseach,superimposedon their relevant
background,for (a) the crib, (b) the dining table,and(c) the work benchscenes.During search,oneto ®ve objects,
oneof thempossiblythesearchtarget,werearrangedin a circularfashionon their respective backgroundsasshown in
Figure6 (b). Eyemovementswererecordedfor bothcolorandgrayscaleimagesof theseobjectsandscenes.

12



First Saccade.
Second Saccadex

+ Third Saccade

+

+
+ ++

+
++
++

++
+
+

+
+

+
+++ +

+ +

x
x
x

x

x
x x

x
x x

x
x
x

x

x x
x xx

x

x

++ +
+

. .
.

.

.

.

..

.
.

.

. . .
.

.
.. . ..

..
.

. .
.

. .

.

. ..

x
+

. .
.

(a) (b)

Figure6: EyeMovementsin theVisualSearchTask. Measurementsfromactualhumandatashow markeddifferences
from thesimplewinner-take-allmodel. (a)shows thetypicalpatternof multiplesaccades(shown herefor two different
subjects)elicitedduringthecourseof searchingfor theobjectcomposedof thefork andknife. Theinitial ®xationpoint
is denotedby `+'. (b) depictsa summaryof suchmovementsover many target-presentsearchtrialsasa functionof the
six possiblelocationsof a targetobjecton thetable.

3. The most likely target locationwascomputedusinga ªsoftº form of competition[Nowlan,

1990] accordingto a saliency-basedweightedaveragingschemeratherthana purewinner-

take-allmechanism.In conjunctionwith (1) and(2) above, this would imply thatearly eye

movementsaredirectedto ªcenter-of-gravityº locationssinceonly coarsescaleinformation

regardingtheobjectsandthebackgroundis availableat theearlystagesof thesearch,thereby

biasingtheweightedaveragingmodeltowardsthecenterof thescene.

To testtheseideas,thesimplewinner-take-allmodelof Section3 wasmodi®edaccordinglyto

yield thefollowing coarse-to-®neªsoft competitionºmodel:

1. Setthe initial scaleof analysis� to the largestscalei.e. �


 �
	 � ; set
�

���)�	�

�


 0 for all

���&�'�

� .

2. Computethecurrentsaliency mapacrossall locations���&�'�

� basedon®lterresponsesfromthe

currentscale� up to themaximumscale:

�

���)�	�

�




�����

�

- ���

���

,

-

���&�'�

�

%

,

�

-

��� 2 (6)

As before,
�

���&�'�

� is thesquareof theEuclideandistancebetweenthe®lterresponsevector
,

- for imagelocation ���)�	�

� andthememorizedtarget responsevector ,

�

- , summedover the

scales�




�

�

� � �

�	�
	 � .

3. Findthelocationfor saccadictargetingusingthefollowingweightedpopulationaveraging(or

softmax)scheme:

� Ã�)� Ã�

�




�

�

�

 ���

�

�

�

���)�	�

�(�

���)�	�

� (7)
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where
�

is aninterpolationfunction. For theexperiments,we used:

�

�

�

���)�	�

�(�
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 �������

�

���

�
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 ���
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�

�

�

 �������

�

��� (8)

This choiceis attractivesinceit allowsaninterpretationof thesearchalgorithmascomputing

maximumlikelihoodestimates(cf. [Nowlan,1990]) of targetlocations.In theabove, �

�

�

� is a

ªtemperatureºparameterthatis decreasedwith � . Decreasing�

�

�

� allowsthesearchto evolve

from an initial statewhereall target locationscompeteequallyfor a saccadeto a ®nalstate

whereonly a few mostlikely targetlocationsremain.

4. Iteratesteps(2) and(3) above with �


 �
	 � -1 �'� 	 � -2 �

� � � until eitherthe targetobjecthas

beenfoveatedor thenumberof scaleshasbeenexhausted.In the formercase,thedecision

processsignalsthe terminationof the searchprocess. In the latter case,subsequenteye

movementsaremadeusingsaliency mapsbasedonall thescales.

Thus, ratherthanwaiting until all scaleshave beenprocessed,the modi®edtargetingprocess

makeseye movementsat eachiterationof saliency mapcomputation,usingadditional®ltersat the

next ®nerscaleateachnew iteration.Thetargetlocationfor asaccadeateachiterationis computed

usinga weightedaveragingscheme.Theuseof anaveragingmechanismfor targetingis supported

by recentneurophysiologicalevidence[McIlwain, 1991] suggestingthat the superior colliculus,

a multilayeredneuronalstructurein the brain stemimplicatedin the generationof saccadiceye

movements,employsapopulationaveragingschemefor computingsaccadicmotorvectors.

Thenew targetingmodelwasimplementedonapipelineimageprocessor, theDatacubeMV200,

whichcancomputeconvolutionsat framerates(30�

�

�	�

). Figure7 illustratesthemodi®edtargeting

procedurefor anindividualtrial andcomparesthemodelsaccadeswith thosefrom ahumansubject.

Thetarget(composedof thefork andtheknife) wasthesamein bothcases.

Figure8comparesthemodel'sperformanceto thehumandatatakenover676searchtrialspooled

over four subjects.Shown in the®gurearehistogramsof theEuclideandistanceof the®xationpoint

to thetargetafterthe®rst,secondandthird saccadefor boththehumansubjectsandthemodel. As

theresultsshow, thereis remarkablygoodcorrespondencebetweentheeye movementsobservedin

humansubjectsandthosegeneratedby the modelon the samedatasets. The main differenceis

systematic,namelythatafterthesecondsaccade,thehumansappearto becloserto thetarget. The

modelcouldbefurthertunedby adding®nerscale®ltersto thecomputationof thesecondsaccade

to bring it in closercorrespondencewith thehumandata,but the modelasit standsillustratesthe

mainpoint thataddingthemultiscale®lterinformationsequentiallyprovidesa very goodaccount
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(b)

(d)

(a)

(c)

Figure7: Illustration of Coarse-to-FineSaccadicTargeting. The saliency map
���������
	

after the inclusionof the
largest(a), intermediate(b), andsmallestscale(c) asgivenby ®lterresponsedistancesto the prototype(the fork and
knife); thebrightestpointsaretheclosestmatches.(d)showsthepredictedeyemovementsasdeterminedbytheweighted
populationaveragingscheme.For comparison,saccadesfrom a humansubjectaregivenby thedottedarrows.
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of the center-of-gravity ªskippingº behavior. The modelhasonly one importantparameter:the

scalingfunction �

�

�

� usedto ratethepeaksin thesaliency map.Thespeci®cinitial valueof �

�

�

� is

dependenton thevaluesin the®lterkernels.As thevisualsearchprogressed,� �

�

� wasdecreased

graduallywith increasing� , therebyallowing thesearchto evolve from aninitial coarseresolution

statewhereall targetlocationscompeteequallyfor asaccade,to a ®nalstatewhereonly a few most

likely targetlocationsremainwheninformationfrom all spatialscaleshasbeentakeninto account.

In summary, the simulationresultssuggestthat the observed skipping movementscould be

accountedfor by allowing the saliency mapcomputationto (a) proceedindependentlyof theeye-

movement,(b) usethelargerscale®lters®rst,and(c) useasoftform of competitionamongpossible

targetlocations.Giventhesemodi®cations,themodelaccountsfor muchof thehumaneyemovement

data,supportingthe useof pre-categorical iconic targetsfor gazecontrol. Additional supportfor

suchiconicrepresentationscomesfromtheeffectof thebackgroundontheobservedeyemovements.

In this controlexperiment,subjectsperformedthevisual searchtaskfor color imageswithout the

accompanying background.Theeyemovementdatageneratedwascomparedto thedatafrom color

andgrayscaleimageswith background.Table1 showstheresultsin theformof initial endpointerror

after the ®rstsaccade.A striking point of comparisonis the differencein error for searchscenes

containingasingleobjectin thecaseof auniformcolorbackground(c)versusanon-uniformrealistic

background(a) and(b). In theformercase,theerroris reducedby a factorof two for color images

andslightly morethanthatfor thegrayscaleimages.Thisresultstronglyimpliesaninterferencedue

to thebackgroundin thetargetingprocess,asassumedby themodel. Additional effectswereseen

by comparingcolorandgrayscalesearchesafteradditionalsaccades.Theseweremostapparentfor

the searchscenescontaining®ve objects. After the secondsaccade,the endpointerrorwasa full

onedegreelesserin thecaseof color images[Zelinsky et al., 1996], stronglysuggestingthatcolor

informationis beingusedin the targetingcomputation.Although thesimulationresultsdescribed

in thissectionmodeledhumaneyemovementdatafrom grayscaleimages,themodelcanbereadily

extendedfor saccadictargetingbasedon color information. A simpleexampleof theuseof color

for targetingin themodelis shown in Figure12.

5 Spatial Memory

The center-of-gravity or ªskippingº eye movementsarean extremelyrobust featureof the search

experiment,so muchso that onewonderswhy they have not beena featureof otherexperiments

on eye movements. One answeris that they may have alreadybeenseen. Saccadesroutinely

undershoot,therebynecessitatinga corrective saccade.This could perhapsbe attributableto the

interferencedueto backgroundsuchasthoseobservedin thevisualsearchexperimentsreportedin

16



Figure8: Model Simulation Results. Thegraphscomparethedistributionof endpointerrorsfor threeconsecutive
saccadesaspredictedby themodelfor 180target-presenttrials(on theright)andasobservedwith four humansubjects
over676target-presenttrials(left). Eachof thetrialscontainedsearchsceneswith oneto ®veobjects,oneof theobjects
beingthe previewed model. The histogramsshow that the model is a very goodapproximationto the humandata,
laggingslightlybehindon thesecondsaccade.
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SetSize
Condition 1 3 5
(a)Color 3.2 4.8 5.1
(b) Gray 3.8 5.0 5.2
(c) Uniform Background 1.6 4.8 5.1

Table1: The Effect of Background on SaccadeAccuracy. Meanendpointerror(in degrees)acrossall four subjects
afterthe®rstsaccadeasa functionof threedifferentdisplayconditions:(a)color imageswith a realisticbackground,(b)
grayscaleimageswith a realisticbackground,and(c) color imageswith a uniform background.The errorsareshown
for setsizesof one,three,and®ve objectsin thesearchscene.Note thata uniform backgroundcausesinitial saccade
accuracy to increaseby a factorof two.

the previous section. But a moreimportantreasonthat pronouncedskippingis not seenin many

natural tasksmay be due to the specialconditionsof the visual searchexperimentdescribedin

theprevioussection. The mostimportantfeatureof this experimentis thatsubjectshave no prior

knowledgeof thelocationof thetargetbeforethepresentationof thesearcharray. Thus,in thiscase,

theonly informationthey possessis whatthetargetlookslike, notwhere it is. They arethusforced

to synthesizeasearchstrategy basedprimarily on theobject's appearance.This raisesanimportant

questionconcerningtheability of themodelto handlesaccadictargetingin thenormalcasewhen

thesceneis continuouslyavailable.

Thepatternof eyemovementsin thecasewherethesceneiscontinuouslyavailablewasexamined

usinga secondtask,thatof copyingpatternsof coloredblocks[Ballardet al., 1995]. During this

task, subjectsdo not seemto exhibit the pronouncedªskippingº movementsthat were observed

in the previous visual searchtask. Subjectswere instructedto copy a patternof coloredblocks,

locatedin a ªmodelº area,usingblocksfrom anearbyresourcearea(seeFigure9). It wasobserved

thatgazetypically alternatesbetweenthemodelarea,the resourcearea,andtheworkspacewhere

the copy is beingconstructed.Ratherthanmultiple skippingeye movements,singlesaccadesto

speci®ctask-relevanttargetsweremostfrequent,althoughsmallcorrectivesaccadesweresometimes

observed. As shown in Figure9, subjectsmostoftenusedirecteyemovementsto inspectthemodel

aswell asto pick upandplacetheblocksthatform thecopy.

A fundamentaldifferencebetweentheblockscopyingtaskandthevisual searchtaskis that in

theformer, subjectshaveampletimeduringaninstructionperiodto familiarizethemselveswith the

layoutof theblocksandcanthususespatialcuesregardingobjectlocationsin additionto appearance

models. The trials themselvesprovide additionaltime for familiarizing oneselfwith thesespatial

cues.Thus,we conjecturedthatin thecaseof block copying,subjectsuseadditionalsaliency cues

in the form of the rememberedpositionsof targetsto facilitate target computation. If this were
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Figure9: Copying a SingleBlock in the Blocks Copying Task. Theeye positiontraceis shown asa thin line. The
handtraceis depictedasa thick line. The numbersindicatecorrespondingpointsin time for theeye andhandtraces.
Thesaccadesin thisexperimentdonotshow skipping,implyingthatsomeadditionalspatialprimingmechanismisbeing
used.
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true,subjectsin thevisualsearchtask,whengivenanopportunityto memorizetherelativelocations

of objectsprior to search,shouldnot exhibit skippingmovements.Rather, the saccadesobserved

shouldbemoredirectasin theblockscopyingtask. To testthis hypothesis,subjectswereallowed

to brie¯y preview the searchscene(without knowing the searchtarget) in a separateinterval just

beforethesearchtargetwaspresented.

In this controlexperiment,subjectsweregivena two secondopportunityto preview thesearch

sceneprior to knowing the target. In this period, they were allowed to move their gazefreely,

allowing themto ®xateindividual targets.Therestof theexperimentremainedthesameasbefore.

Thesubjectsheld®xationona®xationcross,aniconof thetargetwasthenpresentedat the®xation

point, followed by the searchscene. An analysisof the eye movementdatarevealedthat single

saccadeswereby far the most common,as summarizedin Figure10. The histogramsshow the

initial endpointerrorafterthe®rstsaccadefor theoriginalsearchparadigmandthesamefor thecase

wheresubjectshada two secondpreview of thescenecontainingthepotentialtargets.For mostbut

not all of thepreview cases,theinitial endpointerroris onedegreeor less,stronglysuggestingthat

subjectswereableto rememberandusethespatiallocationof thetargets. This would bepossible

if subjectswereableto associatelocationsin thesaliency mapwith the®lterresponsevectorsfor

objects,so that seeingoneof theseobjectswould now ªprimeº the correspondinglocationin the

saliency map.Thisprimingwouldin turnallow highlyaccuratesaccadictargetingin thecaseswhere

thetargetlocationhappenedto beinventoriedduringthepreview period.

In summary, theresultsfrom thepreview experimentsuggestthatundernormalcircumstances,

prior knowledgeof spatiallocationsof objectsplaysa dominantrole in priming thesaliency map,

allowingaccuratesaccadictargeting.In theabsenceof suchspatialworkingmemory(asin thevisual

searchtaskwith nopreview), subjectsseemto resortto anappearance-basedstrategy thatis slightly

lessef®cientin termsof the numberof saccadesbut is neverthelessaccurateenoughto generate

reliableobjectlocationestimates.

6 ReferenceFramesfor Spatial Memory

Althoughwe canconcludethatspatialmemoryaidssearch,thereis still someexplanationneeded

to specifyhow this memoryworks. Thecentralissueis: how doesonekeeptrackof task-relevant

spatiallocationsthat shift in a retinotopicframewith eacheye movement? In general,the frame

of referencefor theobjectwhenit is beingmemorizedis not sameastheframeof referencewhen

it is being recalled. For the subjects,this is usually true sincethe rememberedreferenceframe

is determinedby the current®xationpoint, which is likely to have changedfrom the instantof

memorization.During thepreview phase,subjectsoften®xateindividual targets. Presumably, the
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Figure10: Comparing Preview vs. No-Preview. The graphshows histogramsof the endpointerrorafter the®rst
saccadefor theoriginalsearchparadigmandthecasewheresubjectshada onesecondpreview of thepotentialtargets.
For mostbut not all of thepreview casestheendpointerror is onedegreeor less,implying thatsubjectswereableto
rememberandusethespatiallocationof thetargets.

memorizationprocessworkswhenanindividual targetis at the®xationpoint,which is at theorigin

of retinalcoordinates.However, whenthetargetappearsin thesearchsceneduringthesearchphase,

it is severaldegreeseccentricto thecurrent®xationpoint. In otherwords,thetargetwasat theorigin

in retinalcoordinateswhenmemorizedbut is eccentricwhenviewedlater. Thus,if thememorized

spatiallocationis to beusedfor primingthesearch,thedifferencebetweenthetwo locationsof the

sameobjectcauseddueto gazechangesmustsomehow betakeninto account.

A computationallyattractivesolutionto thisproblemis to storespatiallocationsin anadditional

frameof referencethatis independentof thecurrent®xation.It is easyto demonstratetheusefulness

of suchanadditionalframe,termedtheobject-centeredframe[Hinton,1981]. In reading,theposition

of letterswith respectto the retinais unimportantcomparedto their positionin theencompassing

word. In driving, thepositionof thecarwith respectto the®xationpoint is unimportant,compared

to its positionwith respectto theedgeof theroad. In bothof theseexamples,thecrucialinformation

is containedin an object-centeredframe. The useof anobject-centeredframenecessitatesa third

referenceframe(the ªsceneºframe)for relatingthe informationin the object-centeredframeand

thecurrentretinalframeof thesaliency map. Figure11 shows theserelationshipsfor the imageof

theletterªAº (anobject)depictedon a televisiondisplay(thescene).In general,thesceneframeis

pickedaccordingto requirementsof thecurrenttask. Thevirtueof this architectureis thatonly the

relationshipbetweenthesceneframeandtheretinalframeneedsto beupdatedwith gazechanges,
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allowing theobject-centeredframeto remainthesameandyetconsistentthroughouta task.

Theforegoingframesprovideabasisfor extendingtheprevioustargetingmodelto includespatial

memory. The ®rstelementof the model is the useof routinesto establishthe sceneframe. The

modelusesaseparateiconfor thescene(e.g.thedisplay),andby thesamecorrelationprocessasin

Section3, createsa referencefor thetransformationthatestablishesthe locationof thescenewith

respectto currentretinalcoordinates.In themodel,thetransformof thesceneframewith respectto

theretinais denotedas
�

-�� andis assumedto beimplementedin theparietalcortex. Wealsoassume

thatthetransform
�

-�� is continuallyupdatedusingvestibularandposturesignals(ªefferencecopiesº

or ªcorollaryº discharges[Brooks,1986]) asderived from eye, head,andbody movements.This

assumptionis partly supportedby neurophysiological®ndingsin the parietalcortex [Andersenet

al., 1985;Duhamelet al., 1992]. Theuseof thesceneframeallows therelationsof thepartsof the

scene,in thiscasethememorizedtargets,to beencodedwith respectto thesceneframein aseparate

object-centeredframedenotedby
���

- . Thetransformation
���

- is alsoassumedto berepresentedin

parietalcortex, with eachhalf in a separatehemisphere.This modelis elaboratedin greaterdetail

in [RaoandBallard,1997a], whereit is usedto explain variousformsof object-centeredneglect in

patientswith parietallesions.

To demonstratethespatialmemorymodel,we pickeda problemthat recursoftenin theblocks

copyingtask.After placingablock, thesubjectneedsto pick thenext block in themodelpatternto

copy. Typically, thesubject®xatesanew blockin theneighborhoodof blocksthathavealreadybeen

copied.Thelocationof thisnew blockis thenmarkedin theobject-centeredframefor two purposes:

(a) for makinga directeye movementto this locationasin Figure9 aftera block of theappropriate

color hasbeenpickedfrom the resourcearea(seebelow) - this allows the relative locationof the

block in themodelareato beusedin priming thecorrespondinglocationin theworkspace,and(b)

for inhibition of returnin orderto prevent furthereye movementsto this alreadyvisited location.

Searchingfor ablockof theright color in theresourceareais easy, giventheappropriatecolor®lter

responses,but how doesonekeeptrackof thefact thattheavailableblocksarein theresourcearea,

locatedontheright handsideareaof theboard? Themodelpositsthattheappropriateportionof the

scenecanbedelimitedin theobject-centeredframe.Notethatthisareacanalwaysbeappropriately

placedin retinotopiccoordinatesby using the transformations
���

- , which maintainsthe relative

locationof theresourceareawith respectto thescene(e.g.theboard),and
�

-�� , whichkeepstrackof

thelocationof thescenewith respectto thecurrent®xationpoint. Figure12illustratesthisoperation.

When®xatingthemodelpattern,the®lterresponsevectorfor theyellow block is memorized.This

vector is thenusedto searchfor candidatelocations(peaksin the saliency map)that arelikely to
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Figure11: ReferenceFrames and Transformations. To representthegeometricrelationsof visualfeatures,three
transformationsarefundamental.The®rstdescribeshow aparticulardepictionof thevisualworld,or scene,is relatedto
theretinalcoordinatesystemof thecurrent®xation(

�����

). Theseconddescribeshow objectsin theworldcanberelated
to the scene(
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). The third, which is the compositionof the othertwo, describeshow objectsaretransformedwith
respectto theretina(
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). In our model,
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is updatedwith eye movements(in general,headandbodymovements
[RaoandBallard,1997a]), sothatthecurrentretinal locationof a targetmemorizedin scene-centeredcoordinatescan
alwaysbeobtainedby combining

�
���

and
���	�

.
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containyellow blocks,but, in addition, the region denotingthe resourceareain the object frame

is usedin conjunctionwith sceneframeto restrict target candidatesto thosein the resourcearea

in retinotopiccoordinates.As the®gureshows, thecorrecttargetcoordinatesareeasilycomputed

(in this simplecase,a winner-take-allcomputationsuf®ces),anda yellow block canbepickedfor

placementin theworkspacearea.

7 Discussion

A large numberof modelspertainingto humanvisual searchandattentionhave previously been

proposed[Wolfeetal., 1989;Chapman,1991;AhmadandOmohundro,1991;Olshausenetal., 1993;

Tsotsosetal., 1995;NieburandKoch,1996;TsioutsiasandMjolsness,1996]. Many of theserelyon

predominantlybottom-upattentionalprocessesbasedonvariousformsof featuremapsthatareused

to facilitatesearch.Someof thesemodelsweremotivatedprimarily by theneedto explainclassical

reactiontime resultsratherthanthepatternof eye movementsobservedduringvisual tasks.Other

modelshave exploredtheuseof bottom-upsaliency mapsandhave usedeye movementscan-paths

as sensori-motormemoriesfor recognition[Didday and Arbib, 1975; Rimey and Brown, 1991;

Gie®nget al., 1991;YamadaandCottrell, 1995;Rybaket al., 1997]. This paperproposesa new

modelof thegazetargetingprocessin naturaltasksthatusesbothbottom-upscenerepresentations

aswell astop-down targetdescriptionsfor gazecontrol.

Our modelacknowledgesthe fact that the natureof gazechangesis highly dependenton task

context. Whenstartingfromscratch,oneisforcedtouseappearancefeatureswhenmakingeyemove-

ments,but whenstartingfrom a rememberedcontext, spatialinformationcanbeexploitedfor more

ef®cienttargeting.Spatialmemoryhowever requiresadditionalreferenceframesto parsimoniously

accountfor thefactthatpreviouslymemorizedtargetsareconstantlychangingin retinalcoordinates.

In orderto avoid theprohibitivecostof updatingin retinalcoordinates,anobject-centeredframecan

beusedfor retainingspatialmemoryof relevanttargetlocations.

Theproposedmodelsharessomesimilaritieswith thevisualsearchmodelproposedin [Hooge,

1996] (andmoregenerally, the ideasof [Milner andGoodale,1995]). In fact, theªwhat,º ªwhere,º

and ªwhenº mechanismsof [Hooge,1996] addressthe appearancemodels,the spatialmemory

model, and the decisionprocessrespectively. However, the model describedhereincontainsa

detailedcomputationaldescriptionof how suchgazechangemechanismscouldwork asa coherent

wholeby exploiting thenotionsof saliency maps,iconicscenerepresentations,andreferenceframes.

Our modelof visualsearchreliescrucially on theexistenceof a coarse-to-®nematchingmech-

anism. The main bene®tof a coarse-to-®nestrategy is that it allows continuousexecutionof the

decision/oculomotorprocesses,therebyincreasingthe probability of an early match. Coarse-to-
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(b)

(a)

(c) (d)

Figure12: Model EyeMovementsWhen Searching for a Yellow Block. (a)A yellow blockis ®xatedin themodel
patternand(b) the®lterresponsevectorfor theblock is memorized.(c) This memorizedvectoris usedfor specifying
potentialtargetsin thesaliency map.Thepotentialtargetsarerestrictedto theresourceareaontherighthandsideof the
board.Thisareais speci®edwith respectto thecenterof thescene,andstoredin

� ���

, but asthecenterof thescenewith
respectto theretinalorigin is alwayskepttrackof using

� ���

, theresourceareacanbecorrectlylocatedin currentretinal
coordinates.(d) An eye movementis madeto the locationcontainingthepeakof thesaliency mapafter theresource
areahasbeendelimitedusingspatialmemory.
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®nestrategies have also enjoyedrecentpopularity in computervision with the advent of image

pyramidsfor taskssuchasmotion detection[Burt, 1988]. Onekey questionthat remainsis the

sourceof sequentialapplicationof the ®ltersin the humanvisual system. A possiblesourceis

the variation in resolutionof the retina. Sinceresolutionfalls off with distancefrom the fovea,

the ®nespatialscalesmay be ineffective duringearly stagesof searchpurelybecausethe ®xation

point is distantfrom the target. Indeed,[GeislerandChou,1995] have shown that muchof the

variation in searchtime for spatially®lteredGaussiannoiseimagescanbe accountedfor by the

discriminability of the target from the background,so this is undoubtedlya factor in the current

experimentandpresumablyfor avarietyof naturalcircumstances.Althoughindividualtargetswere

clearlyvisiblewhenholding®xation,someof thetargetswerenoteasilyidenti®able.However, our

preliminaryexperimentswith modelingthevariationin retinalresolutionsuggestthatthis is not the

completeexplanation. The variationsat middle distancesfrom the foveaaretoo small to explain

the dramaticimprovementin target locationexperiencedwith the secondsaccade.Therearetwo

remainingpossibilities:(a) theresolutionfall-off in thecortex is differentfrom theretinalvariation

in a way thatsupportsthedata(cf. experimentson theªuseful®eldof viewº [Wolfe, 1996]), or (b)

thecorticalmachineryis setup to matchthe largerscales®rstastarget informationis propagated

via cortico-corticalfeedbackfrom higherto lowerareasin thevisualcorticalhierarchy(Section3).

In the lattercase,theobserveddatawould resultfrom thefact that theoculomotorsystemis ready

to move beforeall the scalescanbe matched,and thus the eyes move to the currentbesttarget

position. This interpretationof thedatais appealingin two aspects.First, it re¯ectsa long history

of observationson the priority of large scalechannelsin vision [Navon, 1977;Breitmeyer, 1975;

ParkerandDutch,1987], eventhoughthereactiontimedifferencesbetweenspatialfrequenciesmay

be quitesmall. Second,it re¯ects currentthinking abouteye movementprogrammingsuggesting

that®xationtimesaremoreor less®xedandthat theeyesaremovedassoonasthey canbein the

courseof visualproblemsolving.

Themodelfor spatialmemoryusestwo primaryreferenceframes,onefor rememberingoffsets

with respectto a scene,andanotherfor rememberingthecurrentscenecoordinateswith respectto

the retinal frame. Thereis an asymmetrybetweentheseframes,in that the formerneedsto keep

trackof multiple targets,whereasthelatterneedsonly keeptrackof asingledatapoint,namely, the

relationof thesceneto retinalorigin. As discussedin [Ballard,1986], therearetwo basickindsof

encodingthatcanbeemployedby neurons.For multiple targets,a valueunit encodingcanbeused,

whereintheneuron's receptive ®eldis localizedandthepeak®ringratesignalsa speci®clocation.

For singletargets,a variable unit encodingcanbe used,whereinthe ®ringrateis proportionalto

26



a scalarparameterpertainingto theencodedtarget. Theseideasmotivatethenotionof gain ®elds

or basis®elds[PougetandSejnowski, 1995;SalinasandAbbott, 1996] thathave provedusefulin

modelingneuronalresponsesin theparietalcortex [Andersenet al., 1985], whereheadcoordinates

areencodedwith a variableunit strategy, but target coordinatesareencodedwith punctatevalue

unit receptive ®elds. Thus, the existenceof neuralgain ®eldsin parietalcortex andthe useof a

mixedstrategy of variableunitsfor headpositionandvalueunits for targetlocation,canbeviewed

asindirectsupportfor thescene/objectframedichotomyusedby ourspatialmemorymodel.

Normally, a saccadeis followedby a 300millisecond®xationperiodbeforethenext saccadeis

generated.Undercertaincircumstances,expresssaccadesarealsoobserved[FischerandBoch,1983;

FischerandRamsperger, 1984;FischerandWeber, 1993]. The®xationperiodsfor expresssaccades

are much shorter, in the range70
%

100 milliseconds. An analysisof the visual searchresults

[Zelinsky etal., 1996] revealedthatthe®xationperiodsof someof thecenter-of-gravity ªskippingº

eyemovementsaremuchsmallerthannormal(around80-130milliseconds),smallenoughto qualify

themasexpresssaccades.Thereis a very simpleexplanationof theseshortlatenciesin thecontext

of theproposedmodel. In a normal®xation,informationfrom that®xationis presumablyusedin

thecomputationof thenext target. This necessitatessomeset-uptime for theinformationto bepart

of thetargetingcomputation.However, in somecases,thenext targetmaynot requireinformation

from the current®xation. In suchcases,the ®xationtimes can be mademuch shorter. Sucha

situationmay occur in the caseof the ªskippingº eye movements,as the targeting is basedon a

correlationprocesswhich is beingdonesequentiallyacrossscales.Of course,thepartialcorrelation

resultscontainedin thesaliency maphaveto beªshiftedº[AndersenandVanEssen,1987] dueto the

intermediateeye movements,beforebeingintegrated,but thesceneframecontainstheinformation

necessaryto performthis shifting. The crucialpoint is thatexpresssaccadesmaysimply re¯ect a

simplerelationshipbetweentheongoingcomputationof thesaliency mapandthemotorcommand

thatexecuteseye movements.Whenthesaliency mapcomputationscanbespeededup, therateof

saccadescanbemadecorrespondinglyfaster.

Thereexistsa vastliteratureon theroleof attentionin visualcognition[TreismannandGelade,

1980;Treisman,1988;Allport, 1989;KroseandJulesz,1989;PosnerandPetersen,1990;Saarinen

andJulesz,1991;DuncanandHumphreys,1992]. Attentionhasbeencharacterizedascovertsearch

basedon the metaphorof anattentionalspotlight. Someof the searchresultshave suggestedthat

targetscanbeexaminedat therateof about25 millisecondsperitem, with theattentionalspotlight

movingfromonelocationto thenext ataspeedof aboutoneattentionalshiftevery30-50milliseconds

[KroseandJulesz,1989;SaarinenandJulesz,1991]. Modelsof attention(for example,[Niebur
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andKoch,1996]) have in fact literally modeledthis shift of theªfocusof attention.º Thetechnical

advantageof sucha strategy is that,sincegazeis ®xed,retinalcoordinatescanbeusedfor keeping

trackof examinedlocationsfor inhibitionof return[KochandUllman,1985]. However, sincesignal

transmissionthroughvisualcortex is on theorderof 80-100milliseconds,performingcovert search

with an attentionalspotlightwhile simultaneouslyobeying this stringenttime constraintseemsa

dif®cultendeavor. An alternateexplanationprovided by the presentmodel is that covert search

occurswhenever thedecisionprocess®nishesbeforeaneye movementis made.This wouldoccur,

for example,in the caseswherethe presenceof the target in a peripherallocationcanbe judged

directly from thecorrelationpeaksin thesaliency mapusingasignal-to-noisecriterion. Undersuch

circumstances,theeyemovementbecomessuper¯uousandadecisionasto thepresenceor absence

of thetargetcanbemadeimmediatelywithout theneedfor anovertsaccade.Suchaninterpretation

is especiallyattractive sinceit allows a singletargetingmechanismto parsimoniouslyaccountfor

bothcovertandovertsearch.It is alsoconsistentwith theconclusionsof both[Shepherdetal., 1986]

and[Groner, 1988] suggestingthattheattentionalandsaccadicsystemareregulatedby differentbut

closelyrelatedoculomotorcontrolsystems.
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