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Abstract

Visualcognitiondependsritically onthe moment-to-momenrdrientationof gaze.Gazeis changed
by saccadesrapid eye movementsthat orient the fovea over targetsof interestin a visual scene.
Saccadeareballistic; a prespeci®ethrgetlocationis computedprior to the movementandvisual
feedbacks precluded.Onceatamgetis ®xatedgazeis typically held for about300 milliseconds,
althoughit canbe held for bothlongerandshorterintervals. Despitethesedistinctive properties,
therehasbeemospeci®computationamodelof thegazetargetingstratgy employedy thehuman
visualsystenmduringvisualcognitive tasks.This paperproposesuchamodelthatusesconicscene
representationderived from orientedspatiochromati®Itersat multiple scales.Visual searchfor a
targetobjectproceedsn acoarse-to-®nfashionwith thetarget's largestscale®lterresponsebeing
compared®rst. Task-rel@anttargetlocationsarerepresenteéssalieny mapswhich areusedto
programeye movements. Once ®xated targetsare rememberedy using spatialmemoryin the
form of object-centerethaps.Themodelwasempiricallytestedoy comparingts performanceavith
actualeye movementdatafrom humansubjectdn naturalvisual searchtasks. Experimentalesults
indicateexcellentagreemenbetweeneye movementspredictedby the modelandthoserecorded
from humansubijects.



1 Intr oduction

Humanvision relies extensvely on the ability to makesaccadieye movements. Theserapid eye
movementswhicharemadeattherateof aboutthreepersecondprientthehigh-acuityfovealregion
of the eye over targetsof interestin a visual scene. The characteristiqropertiesof saccadiceye
movements(or saccadeshave beenwell studied Carpenter1989. The high velocity of saccades,
reachingup to 700 persecondfor large movements senesto minimizethetime in ight, sothat
mostof thetime is spent®xatingthe chosentargets. Saccadeare known to be ballistic, i.e., their
®nallocationis computedprior to making the movementand the trajectoryof the movementis
uninterruptedby incomingvisual signals. Furthermorepwing to the structureof the retina, the
centrall 5 of the visual ®eldare representedvith a visual resolutionthatis mary timesgreater
thanthatof the periphery Saccadesubsere theimportantfunctionof bringingthis high resolution
fovealregionontotargetsof interestin thevisualscene.Initial eye movementstudieshussuggested
thatthe primaryrole of saccadesnight be to compensatéor the lack of resolutionover the visual
®eldby 2painting® animageinto aninternalmemory It wasproposedhatthe saccadianovements
andtheirresultant®xationsallowedtheformationof avisual-motormemory(dscanpath®)thatcould
be usedfor encodingobjectsandscenegNoton and Stark,1971. However, a numberof studies,
startingfrom Yartus' classicalwork[Yarkus,1967, have suggestethatgazechangesremostoften
directedaccordingo theongoingdemand®f thetaskathand.

Thetask-speci®useof gazeis bestunderstoodor readingtext[O'Regan,199(0 wheretheeyes
®xatealmosteveryword,sometimeskippingoversmallfunctionwords. In addition,it is known that
saccadesizeduringreadingis modulatedaccordingto the speci®matureof the patternrecognition
task at hand[Kowler and Anton, 1987. Tasksrequiring same/diferentjudgmentsof comple
patternsalsoelicit characteristicaccade$JustandCarpenterl974. In chess,t hasbeenshavn
thatsaccadeareusedto assesshecurrentsituationon theboardin the courseof makinga decision
to move, but the exactinformationthatis beingrepresenteds not yet known [Chaseand Simon,
1973. In ataskinvolving thecopyingof amodelblock patternonaboard subjectshave beenshovn
to employ ®xationsfor accessingrucial informationduring differentstagesof the copyingtask
[Ballardetal., 1995;1997. In naturallanguageorocessingthereis recentevidencethat®xations
re ect theinstantaneouparsingof a spokensentencéTanenhaustal., 1995. Therole of gazehas
beenstudiedby [Land andFurneaux;1997 in a variety of othervisuo-motortaskssuchasdriving,
musicreadingandplayingping pong. In eachcase gazewasfoundto play a centralfunctionalrole,
closelylinked to the ongoingtaskdemands.In summary thesestudiesstronglysuggesthatgaze
controlandsaccadie®ye movementgplay acrucialrole in mediatingvisual cognition,in additionto
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compensatindpr peripherakhcuitylimitations.

An importantquestiomotaddressetly muchof theabove workis: whatpossiblecomputational
mechanismsinderliethe controlof gaze?A modelof thesemechanismss becomingincreasingly
importantn thelight of thecentrahatureof gazecontrolin visualcognition. To supportask-directed
vision, sucha modelmustmeetat leastthefollowing threecriteria:

1. Generality: Any proposedmechanismfor tamgeting parts of an image must have broad
generalitysincesaccadidargetscanvary greatlyaccordingo therequirement®f thecurrent
task.

2. Speed Tametsmustbe computedquickly in orderto modelobsered humanperformance.
Using millisecondneuralcircuitry, the targetsfor the next ®xationneedto be computedn
approximately80-100milliseconds allowing barelyonepassthroughthe cortex [ Thorpeand
Imbert,1989;0ramandPerrett,1997.

3. SpatialMemory: Sincetheretinotopiaelationshipf targetsto thepointof gazechangesvith
eachsaccadieye movementthe gazecontrolmechanismmustincludesomeform of spatial
memoryfor operationssuchas rememberingjnhibiting, and otherforms of book-keeping
associateavith saccadidargets.

This paperdescribesa generalmodel for ®xatingand rememberingargetsin naturalscenes
that meetsthesecriteria. The modelachiarestargetingin arbitraryvisual scenedy usingiconic
(appearance-basesteneaepresentatiorssgivenby theresponsesf orientedspatiochromati®lters
at multiple scaleg(Section2). The computatiorof targetcoordinatedor a saccadehenreducego
aform of correlationbetweera 2top-dowvn® iconic targetrepresentatioandthe@bottom-upiconic
scenerepresentations.Sucha computationcan be achieved ef®cientlyby exploiting the known
architecturafeaturesof the visual cortex (Section3). For new targets,the targetingcomputation
proceedsequentiallyin scale,with coarseresolutioninformationbeingusedin the computatiorof
targetcoordinateprior to ®neresolutioninformation. This computations capturedy thenotionof
saliencymapsat multiple scalegSection3). For rememberethigets,additionalspatialinformation
in scene-centerecbordinatesanbe usedto speedup thetagetcomputationSections).

Eyemovementgpredictedoy themodelwerecomparedo actualeye movementsnadeby human
subjectdn two visualtasks.In the ®rsttask[Zelinsky etal., 1994 involving visual searchsubjects
were shovn animageof a realistic objectandthenaskedto report, as quickly and accuratelyas
possible|jf it waspresenin a subsequenimagecontainingoneto ®\e similar objects(Section4).



Another[Ballard et al., 1999 was a visuo-motortask, where subjectswere askedto replicatea
patternof coloredblocks(Sectionb). In bothtasks the eye movementgredictedby themodelwere
foundto bein closeagreementvith obsened humaneye movements.We concludein Section7 by
summarizingsomeof thefeaturesof themodelandbrie y discussingelatedwork.

2 lconic Representations

In orderto move the eyes,theremustbe a mechanisnthattranslateshe photometricdatafrom the
opticarrayinto arepresentatiothatcanbeusedby theoculomotorsystem.Therepresentationsed
in our modelis heavily in uencedby the ®rsttwo of the threecriterialisted in the introduction:
it shouldbe ableto represengeneraltargetsin arbitrary naturalscenesandit mustbe computed
quickly. Thesecriteriaare metin our modelby employingiconic representationsf targetsand
sceneghat canbe extracteddirectly from the optic array This allows generalportionsof a scene
to be representedn a pre-catgorical formatwithout requiringary elaboratesegmentation. The
computatiorof saccadidargetcoordinatess thenaccomplishedy correlatingtheiconic memory
of the targetwith theiconic representationf the currentoptic array A correlationpeakindicates
themostlikely locationof thetargetin the currentimage,allowing a saccadé¢o be executedto that
location. Likewise, invarianceto gazedirectionis obtainedby rememberingprevious correlation
peaksandothertask-rel@antinformationin scene-centerecbordinategseeSection6).

It would be prohibitively expensve to encodeconsin their literal form of raw imagessincethe
memoryneededvould thenscalewith the sizeandnumberof icons. A moreef®cientalternatve is
to encodetheiconsusingtheir response$o a setof spatiodqiromaticbasisfunctions For example,
color canbe representedby a single achromaticandtwo color opponentchannelgFigure 1 (a)).
Along eachof thesechannelsalocalimagepatchcanbecharacterizedsingazerothorderGaussian

o andnineof its orientedderivatives(Figurel (b)) asfollows [FreemarandAdelson,1991:

123 0 1 1 (1)

where denoteshe orderof the ®lterand refersto the preferredorientationof the ®lter The
responsef animagepatch centerecat o o to aparticularbasis®lter  canbeobtainedby
convolving theimagepatchwith the®lter:

0 O 0 0 (2)

Theiconicrepresentatioffor thelocal imagepatchcenterecat o o is formedby combining
into a high-dimensionavectortheresponsefrom thetenbasis®ltersabove at differentscales:

0 O [ 0 0] (3)
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Figurel: Spatiochromatic BasisFunctions. Motivationfor thesebasisfunctionscomesfrom statisticalcharacter
izationsof naturalimage stimuli [Derrico and Buchsbaum1991; Hancocket al., 1992; Olshauserand Field, 1996;
RaoandBallard,1997b;Bell andSejnavski, 1996. (a) shavs the weightsassignedo the threeinput color channels,
generatinga singleachromaticchannel(R+G+B) andtwo color-opponenthannelR-G andB-Y). (b) shavs the nine
orientedspatial®ltersatthreeoctare-separatedcaledor eachof thethreechannelsn (a) (brightregionsdenotepositive
magnitudewhile darkerregions denotenegative magnitude). At eachscale,thesenine ®ltersare comprisedof two
®rst-ordederivatives (1) of a 2D photometricGaussianthree second-ordedervatives( ), and four third-order
derivatives( 3). Thus,therearethreecolor channelsthreescalesper channel,andnine spatial®Itersperscale,for a
totalof 81 ®lterresponsesharacterizinggachlocationin theimage. These81 spatiochromaticneasurementsta given
imagelocationcanbe regardedasa photometricsignatureof thelocalimageregion centeredat thatlocation.



where 0 1 2 3 denotesthe order of the ®lter 1 1 denoteghe different®lters
per order and denotesthe differentscalesof the ®lters. For computational
ef®cienyg, a Gaussiarpyramidrepresentatiorf the image can also be usedto generateoctave-

separateanultiscaleresponsefrom a setof basis®lterkernelsat a ®xed scale. This stratgy was
usedin thevisualsearctsimulations.In particularthesearchsimulationgSectiord) usedgrayscale
stimuli, with ®\e spatialscalesandnine ®ltersper scalefor a total of 45 measurementgerimage

location. For the modelsimulationswith coloredblocks(Section6), threespatialscaleswvereused,
togetherwith nine ®ltersper scaleandthreecolor channelsfor a total of 81 measurementper

location.

Thesemultiscaleimage representationgre intendedto roughly model the hierarchicaland
distributedrepresentationf retinalimagesin striateandextra-striatevisual cortex, ascapturedoy
the response®f neuronsin theseretinotopicallyorganizedareas. Figure1 shavs the ®lterbased
representationat threedifferentlocationson a displayof Duplo blocks. Despitethe similaritiesin
thedisplay theresponsesf the threepointsarevery differentfrom eachother The ®lterresponse
vectorat animagelocationin generalprovidesan almostuniquerepresentationf the local image
region surroundinghatlocation.

Thebasidunctionsdescribedbovewerepickedapriori, butverysimilarfunctionscanbelearned
from samplesof naturalimages[Barrav, 1987;Hancocket al., 1992; OlshauserandField, 1996;
RaoandBallard, 1997b;Bell and Sejnavski, 1996. For example,a setof basisfunctionscanbe
learnedby usinga 2soft® form of the competitize learningrule [Yair et al., 1992;Nowlan, 1994.
For a given input, eachweight vector (basisfunction), encodingthe synapticstrengthfrom the
inputsto an outputunit in a feedforwardneuralnetwork, is adaptedowardsthe input vectorin
proportionto its similarity with theinputvector This generalizeshe morefrequentlyusedwinner
take-allform of competitize learning[Grossbey, 1976; Rumelhartand Zipset 1984, whereonly
the mostsimilar weightvectoris modi®ed.It hasbeennotedthatthe soft competitve learningrule
performsmaximumlikelihood estimationfNowlan, 19970 andgeneratepiece-wiseapproximations
to the principal surfacesof datadistributions[Mulier and Cherkassk 1995; Ritter et al., 1999,
thesesurfacesrenonlineargeneralizationsf thelineartechniqueof principalcomponentsnalysis
[Chat®eldandCollins, 1980. Suchalearningprocedureallows theweightsfor eachcolor channel
to bedeterminedrom red-green-blu¢RGB) pixel inputs. Next, thelearningrule canbe appliedto
imagepatcheslongeachchannekeparatelyTheresultanbasisdunctionsfor theachromatichannel
resembleorientedGaussiarderivative ®ltersof differentorders[Barrown, 1987 (see[Olshauserand
Field, 1996; RaoandBallard, 1997b;Bell and Sejnavski, 1994 for alternatdearningstratgies).
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Figure2: Using Spatiochromatic Filters to Extract Task-DependentProperties A portionof the blocksimage
usedin the copyingtaskis shavn atthetop. The threescalesat which the ®ltersof Figurel wereappliedto theimage
areshavn ontheleft. (a) The®lterresponsesor a locationon a white block. Eachindividual ®lter whencornvolved
with thelocalimageintensitiemearthegivenimagelocation,resultan onemeasuremenfor atotalof 81 measurements
perimagelocation. Positve response# the vectorare represente@s an upwardbar abore the horizontal,negative
responseasadownwardbarbelow the horizontal.As expected the vectorfor thewhite block hasmary low responses
dueto the color-opponenthannelcoding. (b) The ®lterresponsevectorfor a locationon a red block. (c) The ®lter
responsevectorfor alocationin thegreenbackground.



Suchderwativesalsocloselyresembl@D Gabom®ltersandcanbeimplementedheurallyasdifference
of offsetGaussiangDOOG). They arethuscomparabldo the receptve ®eldweightingpro®lesof

simplecellsin mammalianprimary visual cortex [Daugman1980; Marcelja, 1980; Young,1985;

Palmeretal., 1991.

Theuseof multiplescaless crucialtothevisualsearchmodel. In particularthelargerthenumber
of scalesthe greaterthe perspicuityof the representatioasdepictedn Figure3, which showvs the
frequeng distribution of correlationdetweenrall pointsin thediningtableimage(Figure5 (b)) and
a®edtargetpointin thesameimage. Thedistribution ontheleft shavs how using®lterresponses
atasinglescalecausesambiguityin theiconic scenerepresentationsyith asmary as936 pointsin
the scenehaving correlationggreaterthan0 94 with respecto a ®xedtarget. However, when®we
scalesareusedtheambiguityis resohed,andonly asinglepoint (thetargetpoint) correlategreater
than0 94 (indicatedby thearrow for bothhistograms).The greatemperspicuityresultspartly dueto
theinclusionof informationfrom additionalscalesandpartly dueto the high-dimensionalityof the
multiscalevectors. The high-dimensionalityof the vectorsmakesthemremarkablyrobustto noise
dueto the orthogonalityinherentin high-dimensionakpaces:given ary vector almostall of the
othervectorsin the spacetendto be relatively uncorrelatedvith the given vector[Kanena, 1988;
RaoandBallard,19954, andalmostnoneareidenticalwith respecto eachother Theresultis that
the ®lterresponsevectorfor a givenpointis uniquefor all practicalpurposesndcanthereforebe
usedto de®nesearchargets. This propertyalsomakeghe®ltertemplataobustto partialocclusions,
which commonlyoccurin naturalviewing (see[RaoandBallard, 19954 for someexamples).

Beforeconcludingthis sectionwe notethattheiconicrepresentationsanalsobemadenvariant
to rotationsin theimageplane(for a ®xed scale)without additionalconvolutionsby exploiting the
propertyof steernbility [Freemarand Adelson,199] to rotatethe ®lterresponseso a canonical
orientation. View rotationsaboutan image plane axis are amelioratedin two ways. First, the
relianceon a large numberof responsesendersthe multiscaleresponsevectorrobustto changes
in the response®f a few individual ®lterscausedby the geometriceffect of changein viewing
position. More importantly the ®lterresponsearedominatedy a cosineervelope,sothatthereis
ausefulrangeof rotationsfor whichtheresponsewiill beeffectively invariant. Drasticrotationsare
handledby storingfeaturevectorsfrom differentviews. The multiscalerepresentatioalsoallows
interpolationstratajies for scaleinvariance. We refer the interestedreaderto [Rao and Ballard,
19954 for moredetails.
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Figure 3: The Effect of Scale. The distribution of distancegin termsof correlations)betweenthe ®lterresponse
vectorfor a selectedarget pointin the dining tablesceneg(Figure5 (b)) andall otherpointsin the sceneis shavn for
singlescaleresponse/ectors(a) andmultiple scalevectors(b). Usingresponsefrom multiple scaleg®we in this case)
resultsin greaterperspicuityand a sharperpeaknear0.0. The mostimportantfeatureof theseplots appearsat the
extremeright handside. Only onepoint (thetargetpoint) hasa correlationgreaterthan0 94 (demarcatedby anarrow)
in themultiple scalecase(b) wherea®936 candidatepointsfall in this catgory in thesinglescalecase(a).

3 Modeling Visual Search

We have amguedelsavhere[RaoandBallard, 1995a;Ballard et al., 1997 thatvisual behaior can
be viewed as task-speci®compositionsof visual routines[Ullman, 1984. In particular visual
behaiors can be composedusing two differenttypes of visual routines. One classof routines
computesallocentricpropertieof thevisualimagenearthefovea(®what®). Theothersubseresthe
functionof locatingapreviouslymemaorizegrototypeanywhereontheretina(®where®). Ourmodel
for eye movementdn visual searchandrelatedvisual cognitive tasksis derivedfrom this view.
Thevisualsearchmodelis composedf threeseparatgrocedureshatcaneachoperatdargely
independendf eachother while atthe sametime cooperatindo solve thecurrentvisualsearchask:

1. A targetingprocesqor 2where®process}thatcomputeghe next locationto be ®xated.

2. A decisionprocess(or 2what® process)hat matchesa storediconic objectrepresentatioto

thecurrentfoveatedmageregion?

3. An oculomotormprocesghatacceptsetinotopictargetlocationsfrom the@where®processand
executesa saccadeo thetargetlocation(a methodfor learningthis sensorimotomappingis
givenin [RaoandBallard,19954).

1Thisis essentiallytheidenti®catiorvisual routine,describedn greaterdetailin [RaoandBallard,19954.



We assumehattheseprocessearerunningconcurrently Theoculomotorprocesswill continue
to be executeeye movementsaslong asthe decisionprocesshasnot terminated usingthe current
bestguessf targetlocationascomputedy thetargetingprocess.

All threeprocessesisea saliencymap[Koch and Ullman, 1984 to representocations. The
salieny mapis aretinotopicallyorganizedarrayof modelneurons Neuralactvity atagivenlocation
in this mapis assumedo representhe correspondingetinotopicspatiallocation. The degreeof
actvity of agivenneurorrepresenttheweightaccordedo its correspondingetinotopiclocation,as
determinedy the ®lterbaseccorrelationresultsfrom thetargetingprocess.This weighthasa dual
purposen thatin additionto allowing the oculomotorprocesgo ®xatetargetlocationswith high
correlationsthemaximumvalueof theweightcanalsobe usedby thedecisionprocesgo judgethe
presencef thetargetat a peripheralocation. The decisionprocesseedonly usea signal-to-noise
criterionto decidewhetherthecorrelationpeakin the saliengy mapis highenoughsothatthetarget
canbeassumedo be presenwithout actually®xatingthetarget.

Unlike mary previous approachesthe salieny mapin the proposednodelis computedusing
both 2bottom-up® input-derved scenerepresentationas well as 2op-down® task-speci®target
representationsl he computatiorof sucha salieny mapcanbe summarizedsfollows. Objectsof
interesto thecurrentsearchtaskareassumedo berepresentelly asetof memorized®lterresponse
vectors where denoteshescaleof the®ltersand denotes particulartargetobjectin memory
Given a new input image,the targeting processcomputeshe mostlikely locationof the targetas

follows:
1. Setthesaliengy mapto zerosatall locationsi.e. O for all

2. Computethesalieny map acrossall locations as

; (4)
1

where denoteghe Euclideannormof thevector . In otherwords,thesalieng valueat

location issimplythesumof squaredlifferencedetweerthecorrespondingomponents

of the®lterresponsevector atthatimagelocationandthe memorizedargetobjectvector
, acrossall ®lterscales 1

3. Thelocationfor saccadidargetingis theonethatis closesto thetargetin termsof Euclidean
distance:
AA amgmin (5)
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Figure4: Visual Search Using Spatial Filter Responses The simplestform of the visual searchmodelis based
onwinnertake-allcorrelationmatching. (a) At a givenlocation,the ®lterresponsesreremembered.(b) Next, gaze
is transferedo anotherpoint. The searchproblemis to ®ndthe original locationin this new view. (c) The salieny

map,shaving the highestcorrelationvalue (brightestpoint) at the original location. (d) Gazeis transferedackto that

location.

In aneurobiologicaketting,the modelassumeshatthe memorizedop-downn targetrepresentations

canbecorrelatedvith thecurrentstriateandextra-striaterepresentations by exploiting the
massve feedbackconnection$FellemarandVanEssen 1991 from highercorticalareasjncluding
areasin the infero-temporaktortex and possiblyfrontal lobe regions, wherethe memorizedarget
representationgreassumedo bestored.Theresultsof thismultiscalecorrelationprocesoccurring
in the ventral occipito-temporapathwayare storedwithin the varioussalieny mapsat multiple
scales 1 . Theseobjectlocation mapsare assumedo residein the hierarchically
organizedareasf the dorsaloccipito-parietapathway

The 2winner-take-all® algorithmgiven above is the simplestversionof the targeting process,
whereasinglesalieny mapis calculatedacrossall ®lterscaledor a givenimage,andthe location

A A to be foveatedis choserto be the onewith the highestcorrelationvaluewith respecto the

memorizedtargeti.e. the onewith the least . Figure4 illustratesthe utility of this simple
algorithmin a searchtask. Gaze,asdenotedby the cross-hairsjs ®rstdirectedto a given scene
locationasshawvn in (a). At thatpoint the ®lterresponsesre memorized.Next, at somepointin
the courseof the restof the behaior, it may be desirousto returnto the original locationfrom a
distal point. The targetingalgorithmis usedto correlatethe memorizedfeatureswith the current
retinotopicimage,resultingin a salieny mapasshown in (c). Notethatthe coordinatesystemof
thesalieny mapcanalsobeinterpretedn termsof 2saccadianotorerror® Thus,thesalieny peak
canbe usedto drive the oculomotorcommandor returningthe eyesto the original target. This is
avery simplemodel. It is thereforenaturalto askwhetherdatafrom humansubjectssupportssuch
amodel. Subsequergxperimentsshovedthatthe performancef humansubjectdiffersfrom this
simplemodel,but in aninterestingwvay thatcanbe accountedor by aslightchangan the model.
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4 Comparing the Model to Experimental Data

In orderto validatethesimplewinnertake-alltargetingmodeldescribedn theprevioussectioneye
movementdrom four humansubjectavererecordedor thefollowing searchtask,describedn more
detailin [Zelinsky etal., 1994. Subjectsvereaskedto ®xatea point nearthebottomofal2 16
degreedisplay They weregivenaonesecondoreview of animagecontainingasingleobject(e.g.a
tool) at the ®xationpoint. This wasfollowed approximatelyonesecondater by a scenethat®lled
the displayandcontainedone, three,or ®\e objects(e.g.varioustools) on an appropriateealistic
backgrounde.g. work bench). Imagesof the objectswere placedon the backgroundon-line at
oneto ®w of the six possibleequi-eccentridocations(225, 45, 675, 112, 135, and1575,
eachlocatedataneccentricityof 7 ) alonganarccenteredn the subjectSinitial ®xationpoint (see
Figure6 (b)). The objectsthemselessubtendedbout2 of visualangle. The subjectsvereasked
to indicate (by pressinga button), as quickly and accuratelyas possible,whetherthe previewed
objectwasamongthe groupof oneto ®\e objectsin the subsequentiew. Threedifferentscenega
dining table,a work bench,anda crib), eachwith their correspondingetof ten objects,wereused
(Figure5). For eachsubject,eachof the searchtrials testeda uniquecon®guratiomf objectsand
positions.Thetrials wereevenly dividedinto randomlyinterleavedtarget-presenandtarget-absent
conditionsfor setsizesof one, three,and ®\e objects. Eye movementswere recordedwhenthe
subjectsperformedthis visual searchtask for both color and grayscaleémagesof the tamgetsand
scenes.Thesubjects eye wastrackedusingan - Eyetracker

The typical eye movementselicited in this particulartask are shavn in Figure6 (a). Rather
thana singlemovementto the locationof the memorizedarget, several saccadesiretypical, with
eachsuccessie saccadanoving closerto the targetlocation(Figure6 (b)). Thisaskipping® of the
saccades this searchparadigmwasunexpectedout provedto be anextraordinarilyrobust®nding,
occurringin almostall trials acrossall four subjectdZelinsky etal., 1994.

Themovementof the®rstsaccadeo thecenterof theimagesuggestethatthismightbeacenter
of-gravity effect[CorenandHoenig,1972;Findlay, 1982;1987;He andKowler, 1989, causeddy
the presencef mary plausibletargetsin the scene.In the caseof the model, multiple 2skipping®
saccadeto atargetwould occurif thecomputatiorof thesalieny maphadthreeproperties:

1. Salieny mapcomputationvasslower thanthetime neededo makeaneye movement. This
would imply that eye movementsare madeto tamgetlocationsas determinedoy the current
stateof the salieny map,ratherthanwaiting until the ®nalstatehasbeencomputed.

2. The salieny map was computedusing the larger spatial scale®lters®rst,addingsalieny
informationfrom successiely ®nerscalesasthe searclprocessvolvesovertime.
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Figure5: Objects and Scenesusedin the Visual Seach Experiments. Threedifferentsceneswere used,each
with ten testobjects. Theseten objectsare shovn in two rows of ®we objectseach,superimposean their relevant
backgroundfor (a) the crib, (b) the dining table, and(c) the work benchscenes.During search,oneto ®e objects,
oneof thempossiblythe searchtarget, werearrangedn a circularfashionontheirrespectre backgroundasshavn in
Figure6 (b). Eye movementavererecordedor bothcolorandgrayscalémagesof theseobjectsandscenes.
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Figure6: EyeMovementsin the Visual Seach Task. Measurementsom actuahumardatashav markeddifferences
from thesimplewinnertake-allmodel. (a) shaws thetypical patternof multiple saccadegshonn herefor two different
subjectsklicitedduringthe courseof searchindor the objectcomposef thefork andknife. Theinitial ®xationpoint
is denotedby "+'. (b) depictsa summaryof suchmovementsover mary tamget-presensearchrials asa functionof the
six possibldocationsof atargetobjecton thetable.

3. The mostlikely tamgetlocationwas computedusinga 2soft® form of competition[Nowlan,
1994 accordingto a salieng-basedweightedaveragingschemeratherthana pure winner
take-allmechanism.In conjunctionwith (1) and(2) above, this would imply thatearly eye
movementsare directedto 2centerof-gravity® locationssinceonly coarsescaleinformation
regardingthe objectsandthebackgrounds availableatthe earlystagesf thesearchthereby
biasingthe weightedaveragingmodeltowardsthe centerof thescene.

To testtheseideas,the simplewinnertake-allmodelof Section3 was modi®edaccordinglyto
yield thefollowing coarse-to-®n&soft competition®model:

1. Settheinitial scaleof analysis to thelargestscalei.e. ; set 0 for all

2. Computethecurrentsalieny mapacrossall locations basedn®lterresponsefromthe
currentscale uptothemaximumscale:

? (6)
As before, is the squareof the Euclideandistancebetweerthe ®lterresponsevector
for imagelocation andthe memorizedargetresponsevector , summedover the

scales

3. Findthelocationfor saccadi¢argetingusingthefollowing weightedpopulationaveraging(or
softmax)scheme

AA (7)
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where is aninterpolationfunction. For the experimentswe used:

(8)

This choiceis attractve sinceit allows aninterpretatiorof the searchalgorithmascomputing
maximunlikelihoodestimategcf. [Nowlan, 199Q) of tamgetlocations.In theabove, isa
atemperatureparametethatis decreasedith . Decreasing  allowsthesearclto evolve
from aninitial statewhereall targetlocationscompeteequallyfor a saccaddo a ®nalstate
whereonly afew mostlikely targetlocationsremain.

4. lteratesteps(2) and(3) above with -1 -2 until eitherthe target objecthas
beenfoveatedor the numberof scaleshasbeenexhausted.In the formercase,the decision
processsignalsthe terminationof the searchprocess. In the latter case,subsequengye
movementsaaremadeusingsalieny mapsbasedon all thescales.

Thus, ratherthanwaiting until all scaleshave beenprocessedthe modi®edargeting process
makeseye movementsat eachiterationof salieny mapcomputationusingadditional®ltersat the
next ®nerscaleateachnew iteration. Thetargetlocationfor a saccadeat eachiterationis computed
usinga weightedaveragingscheme.The useof anaveragingmechanisnfor targetingis supported
by recentneurophysiologicakvidence[Mcllwain, 1991 suggestinghat the superior colliculus
a multilayeredneuronalstructurein the brain stemimplicatedin the generationof saccadiceye
movementsemploysa populationaveragingschemeor computingsaccadianotorvectors.

Thenew targetingmodelwasimplementedn apipelineimageprocessaqrthe DatacubeviV200,
which cancomputeconvolutionsatframerates(30 ). Figure7 illustratesthe modi®edargeting
procedurdor anindividualtrial andcompareshemodelsaccadewith thosefrom ahumansubject.
Thetarget(composedf thefork andtheknife) wasthesamein bothcases.

Figure8 compareshemodel's performancéo thehumandatatakenover 676searchrialspooled
over four subjects.Shavn in the®gurearehistogram®f the Euclideandistanceof the ®xationpoint
to thetamgetafterthe ®rst,secondandthird saccaddor boththe humansubjectsandthe model. As
theresultsshaw, thereis remarkablygoodcorrespondencleetweerthe eye movementsobsenedin
humansubjectsandthosegeneratedy the model on the samedatasets. The main differenceis
systematicnamelythatafterthe secondsaccadethe humansappeaitto be closerto thetarget. The
modelcouldbe furthertunedby adding®nerscale®ltersto the computatiorof the secondsaccade
to bring it in closercorrespondenceith the humandata,but the modelasit standsillustratesthe
main point thataddingthe multiscale®lterinformationsequentiallyprovidesa very goodaccount
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Figure7: lllustration of Coarse-to-FineSaccadicTargeting. The salieny map after the inclusionof the
largest(a), intermediatgb), and smallestscale(c) as given by ®lterresponsalistancedo the prototype(the fork and
knife); thebrightespointsaretheclosesmatches(d) shavsthepredictedeye movementsaasdeterminedy theweighted
populationaveragingscheme For comparisonsaccade$rom a humansubjectaregivenby the dottedarrons.
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of the centerof-gravity 2skipping® behaior. The modelhasonly oneimportantparameter:the
scalingfunction usedto ratethe peaksn thesaliengy map. Thespeci®anitial valueof IS
dependenobn the valuesin the ®lterkernels. As the visual searchprogressed, wasdecreased
graduallywith increasing , therebyallowing the searchto evolve from aninitial coarseresolution
statewhereall targetlocationscompeteequallyfor a saccadeto a ®nalstatewhereonly a few most
likely targetlocationsremainwheninformationfrom all spatialscaleshasbeentakeninto account.

In summary the simulationresultssuggestthat the obsenred skipping movementscould be
accountedor by allowing the salieny mapcomputatiorto (a) proceedndependentlyof the eye-
movement,(b) usethelargerscale®lters®rst,and(c) usea softform of competitionamongpossible
targetlocations.Giventhesemodi®cationghemodelaccountgor muchof thehumareye movement
data,supportingthe useof pre-catgorical iconic targetsfor gazecontrol. Additional supportfor
suchiconicrepresentationsomedromtheeffectof thebackgrounadntheobsernedeyemovements.
In this control experiment,subjectsperformedthe visual searchtaskfor colorimageswithout the
accompawing background.Theeye movementdatageneratedvascomparedo the datafrom color
andgrayscalemageswith backgroundTablel shavstheresultsan theform of initial endpointerror
afterthe ®rstsaccade.A striking point of comparisons the differencein errorfor searchscenes
containingasingleobjectin thecaseof auniformcolorbackgroundc) versusanon-uniformrealistic
backgrounda) and(b). In theformercase theerroris reducedoy a factorof two for colorimages
andslightly morethanthatfor thegrayscalemages.Thisresultstronglyimpliesaninterferencalue
to thebackgroundn the targetingprocessasassumedy the model. Additional effectswereseen
by comparingcolorandgrayscalesearcheafteradditionalsaccadesTheseweremostapparentor
the searchscenescontaining®\e objects. After the secondsaccadethe endpointerror wasa full
onedegreelesserin the caseof colorimagedZelinsky etal., 1994, stronglysuggestinghatcolor
informationis beingusedin the targetingcomputation. Although the simulationresultsdescribed
in this sectionmodelechumaneye movementdatafrom grayscalemagesthe modelcanbereadily
extendedfor saccadidargetingbasedon color information. A simpleexampleof the useof color
for targetingin the modelis shovn in Figurel2.

5 Spatial Memory

The centerof-gravity or 2skipping® eye movementsare an 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. Saccadesoutinely
undershoottherebynecessitating correctve saccade. This could perhapsbe attributableto the
interferencedueto backgroundsuchasthoseobseredin thevisual searchexperimentseportedn
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Figure8: Model Simulation Results. The graphscomparethe distribution of endpointerrorsfor threeconsecutie

saccadesspredictedby themodelfor 180target-presentrials (ontheright) andasobseredwith four humansubjects
over 676target-presentrials (left). Eachof thetrials containedsearchscenesvith oneto ®\e objects,oneof theobjects
beingthe previewed model. The histogramsshaw thatthe modelis a very good approximationto the humandata,
laggingslightly behindon the secondsaccade.
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SetSize

Condition 1 3 5
(a) Color 3.2 48 5.1
(b) Gray 3.8 5.0 52

(c) Uniform Background| 1.6 4.8 5.1

Tablel: The Effect of Background on SaccadeAccuracy. Meanendpointerror(in degrees)acrossall four subjects
afterthe®rstsaccadasa functionof threedifferentdisplayconditions:(a) colorimageswith arealisticbackground(b)
grayscalédmageswith arealistichackgroundand(c) colorimageswith a uniform background.The errorsare shavn
for setsizesof one,three,and®\e objectsin the searchscene.Note thata uniform backgroundcausesnitial saccade
accurag to increaseby a factorof two.

the previous section. But a moreimportantreasonthat pronouncedkippingis not seenin mary

naturaltasksmay be due to the specialconditionsof the visual searchexperimentdescribedn

the previous section. The mostimportantfeatureof this experimentis that subjectshave no prior

knowledgeof thelocationof thetargetbeforethe presentatiof thesearcharray Thus,in thiscase,
theonly informationthey possesss whatthetargetlookslike, notwhee it is. They arethusforced
to synthesizea searchstratgy basedorimarily on the object's appearanceThis raisesanimportant
guestionconcerninghe ability of the modelto handlesaccadidargetingin the normalcasewhen
thescends continuouslyavailable.

Thepatternof eye movementsn thecasewherethescenas continuoushavailablewasexamined
usinga secondtask, that of copyingpatternsof coloredblocks[Ballardet al., 1995. During this
task, subjectsdo not seemto exhibit the pronouncedskipping® movementsthat were obsened
in the previous visual searchtask. Subjectswereinstructedto copy a patternof coloredblocks,
locatedin a2model® area,usingblocksfrom a nearbyresourcearea(seeFigure9). It wasobsered
thatgazetypically alternatedetweernthe modelarea,the resourcearea,andthe workspacevhere
the copy is being constructed. Ratherthan multiple skipping eye movements,single saccadeso
speci®d¢ask-rel@anttargetsweremostfrequentalthoughsmallcorrectve saccadeweresometimes
obsened. As shovn in Figure9, subjectamostoftenusedirecteye movementdo inspectthemodel
aswell asto pick up andplacetheblocksthatform the copy.

A fundamentatlifferencebetweenthe blockscopyingtaskandthe visual searchtaskis thatin
theformer, subjectshave ampletime duringaninstructionperiodto familiarizethemseleswith the
layoutof theblocksandcanthususespatialcuesregardingobjectlocationsin additionto appearance
models. The trials themseles provide additionaltime for familiarizing oneselfwith thesespatial
cues. Thus,we conjecturedhatin the caseof block copying,subjectsuseadditionalsalieny cues
in the form of the rememberegositionsof targetsto facilitate target computation. If this were
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Figure9: Copying a Single Block in the Blocks Copying Task. Theeye positiontraceis shavn asathin line. The
handtraceis depictedasa thick line. The numbersndicatecorrespondingpointsin time for the eye andhandtraces.
Thesaccadem thisexperimentdonotshav skipping,implying thatsomeadditionalspatialprimingmechanisnis being
used.
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true,subjectdn thevisualsearchtask,whengivenanopportunityto memorizéherelativelocations
of objectsprior to search shouldnot exhibit skippingmovements. Rather the saccadesbsened
shouldbe moredirectasin the blockscopyingtask. To testthis hypothesissubjectswvereallowed
to brie y preview the searchscene(without knowing the searchtamget) in a separatentenal just
beforethesearchargetwaspresented.

In this controlexperiment,subjectsnveregivena two secondopportunityto preview the search
sceneprior to knowing the target. In this period, they were allowed to move their gazefreely,
allowing themto ®xateindividual targets. Therestof the experimentremainedhe sameasbefore.
Thesubjectsheld®xationon a ®xationcross,anicon of thetargetwasthenpresentedt the ®xation
point, followed by the searchscene. An analysisof the eye movementdatarevealedthat single
saccadesvere by far the mostcommon,as summarizedn Figure 10. The histogramsshow the
initial endpointerrorafterthe®rstsaccaddor theoriginalsearchparadigmandthesamefor thecase
wheresubjectshadatwo secondoreview of the scenecontainingthe potentialtargets. For mostbut
notall of the preview casestheinitial endpointerroris onedegreeor less,stronglysuggestinghat
subjectswereableto remembeandusethe spatiallocationof the targets. This would be possible
if subjectswereableto associatdocationsin the salieny mapwith the ®lterresponserectorsfor
objects,so that seeingone of theseobjectswould now 2prime®° the correspondindocationin the
salieny map. Thisprimingwouldin turnallow highly accuratesaccadi¢argetingin thecasesvhere
thetargetlocationhappenedo beinventoriedduringthe preview period.

In summarytheresultsfrom the preview experimentsuggesthatundernormalcircumstances,
prior knowledgeof spatiallocationsof objectsplaysa dominantrole in priming the salieny map,
allowing accuratesaccadid¢argeting. In theabsencef suchspatialworkingmemory(asin thevisual
searchtaskwith nopreview), subjectsseento resortto anappearance-basstratgy thatis slightly
lessef®cientin termsof the numberof saccade$ut is neverthelessaccurateenoughto generate
reliableobjectlocationestimates.

6 ReferenceFramesfor Spatial Memory

Althoughwe canconcludethat spatialmemoryaidssearchthereis still someexplanationneeded
to specifyhow this memoryworks. The centralissueis: how doesonekeeptrack of task-releant
spatiallocationsthat shift in a retinotopicframewith eacheye movement?In generalthe frame
of referencdor the objectwhenit is beingmemorizeds not sameasthe frameof referencevhen
it is beingrecalled. For the subjects,this is usually true sincethe rememberedeferenceframe
is determinedby the current®xationpoint, which is likely to have changedfrom the instantof
memorization.During the preview phase subjectsoften ®xateindividual targets. Presumablythe
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Figure 10: Comparing Preview vs. No-Preview. The graphshaws histogramsof the endpointerror after the ®rst
saccadédor the original searchparadigmandthe casewheresubjectshada onesecondoreview of the potentialtargets.
For mostbut not all of the preview caseghe endpointerroris onedegreeor less,implying that subjectsvere ableto
remembemndusethe spatiallocationof thetargets.

memorizatiorprocesavorkswhenanindividual targetis atthe ®xationpoint, which s attheorigin
of retinalcoordinatesHowever, whenthetargetappearsn the searctscenaduringthesearctphase,
it is severaldegreeseccentrido thecurrent®xationpoint. In otherwords,thetargetwasattheorigin
in retinal coordinatesvhenmemorizedout is eccentriovhenviewedlater Thus,if the memorized
spatiallocationis to be usedfor priming the searchthe differencebetweerthetwo locationsof the
sameobjectcausediueto gazechangesnustsomehav betakeninto account.

A computationallyattractve solutionto this problemis to storespatiallocationsin anadditional
frameof referencehatis independentf the current®xation.lt is easyto demonstratéheusefulness
of suchanadditionalframe termedheobject-centezdframe Hinton,1981]. In readingtheposition
of letterswith respectto the retinais unimportantcomparedo their positionin the encompassing
word. In driving, the positionof the carwith respecto the ®xationpointis unimportantcompared
to its positionwith respecto theedgeof theroad. In bothof theseexamplesthecrucialinformation
is containedn an object-centereffame. The useof anobject-centeredfamenecessitatea third
referencerame (the 2scene®frame)for relatingthe informationin the object-centeredrameand
the currentretinalframeof the saliengy map. Figure11 shavs theserelationshipgor the imageof
theletter@A° (anobject)depictedon atelevision display(the scene).In generalthe sceneframeis
pickedaccordingto requirement®f the currenttask. The virtue of this architecturas thatonly the
relationshipbetweerthe sceneframeandthe retinal frameneedsto be updatedwith gazechanges,
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allowing the object-centereffameto remainthe sameandyet consistenthroughoutatask.

Theforegoingframesprovide abasisfor extendingtheprevioustargetingmodelto includespatial
memory The ®rstelementof the modelis the useof routinesto establishthe sceneframe. The
modelusesa separatéconfor thescenge.g.thedisplay),andby the samecorrelationprocessasin
Section3, createsa referencdor the transformatiorthat establisheshe locationof the scenewith
respecto currentretinalcoordinatesin themodel,thetransformof the scendramewith respecto
theretinaisdenotecas  andis assumedo beimplementedn theparietalcortex. We alsoassume
thatthetransform  is continuallyupdatedusingvestilular andposturesignals(@efferencecopies®
or 2corollary® dischages[Brooks,1986) asderived from eye, head,and body movements. This
assumptioris partly supportedoy neurophysiologica®ndingsin the parietalcortex [Andersenet
al., 1985;Duhameletal., 19973. Theuseof the scengrameallows therelationsof the partsof the
scenejn thiscasethememorizedargets,to beencodedvith respecto thescendramein aseparate
object-centerefrfamedenotecby . Thetransformation is alsoassumedo berepresenteth
parietalcortex, with eachhalf in a separatdnemisphere.This modelis elaboratedn greaterdetail
in [RaoandBallard, 19973, whereit is usedto explain variousforms of object-centeredeglectin
patientswith parietallesions.

To demonstratéhe spatialmemorymodel,we pickeda problemthatrecursoftenin the blocks
copyingtask. After placingablock, the subjectneeddo pick thenext blockin the modelpatternto
copy. Typically, thesubject®xatesnew blockin theneighborhoodf blocksthathave alreadybeen
copied. Thelocationof this new blockis thenmarkedn theobject-centerettamefor two purposes:
(a) for makinga directeye movementto this locationasin Figure9 aftera block of the appropriate
color hasbeenpickedfrom the resourcearea(seebelow) - this allows the relative location of the
blockin themodelareato be usedin priming the correspondingdocationin theworkspaceand(b)
for inhibition of returnin orderto preventfurthereye movementsto this alreadyvisited location.
Searchingdor ablock of theright colorin theresourceareais easy giventheappropriatecolor ®lter
responsedyut how doesonekeeptrack of thefactthattheavailableblocksarein theresourcearea,
locatedontheright handsideareaof theboard? Themodelpositsthattheappropriatgortionof the
scenecanbedelimitedin the object-centerettame. Notethatthis areacanalwaysbe appropriately
placedin retinotopiccoordinatesby usingthe transformations , which maintainsthe relatve
locationof theresourceareawith respecto thescenge.g.theboard),and , which keepdrackof
thelocationof thesceneawith respecto thecurrent®xationpoint. Figurel2illustratesthisoperation.
When®xatingthe modelpattern the ®lterresponsevectorfor the yellow blockis memorized.This
vectoris thenusedto searchfor candidatdocations(peaksin the salieny map)thatarelikely to
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Figure11l: Reference Framesand Transformations. To representhe geometricrelationsof visualfeaturesthree
transformationarefundamental The®rstdescribe$ow a particulardepictionof thevisualworld, or scenejs relatedto
theretinalcoordinatesystemof the current®xation( ). Thesecondlescribesiow objectsin theworld canberelated
tothescene( ). Thethird, which is the compositiorof the othertwo, describeshow objectsaretransformedwith
respecto theretina( ). In our model, is updatedwith eye movements(in general headandbody movements
[RaoandBallard,19974d), sothatthe currentretinallocationof a targetmemorizedn scene-centerecoordinatesan
alwaysbeobtainedoy combining  and
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containyellow blocks, but, in addition, the region denotingthe resourceareain the objectframe
is usedin conjunctionwith sceneframeto restricttarget candidatego thosein the resourcearea
in retinotopiccoordinates.As the ®gureshows, the correcttarget coordinatesre easily computed
(in this simplecase,a winnertake-allcomputatiorsuf®ces) anda yellow block canbe pickedfor

placementn theworkspacerea.

7 Discussion

A large numberof modelspertainingto humanvisual searchand attentionhave previously been
proposedWolfe etal., 1989;Chapman1991;AhmadandOmohundro1991;0lshauseetal., 1993;
Tsotsosetal., 1995;Niebur andKoch,1996; TsioutsiasandMjolsness,1996. Many of theserely on
predominanthbottom-upattentionajprocessebasecdn variousformsof featuremapsthatareused
to facilitate search.Someof thesemodelsweremotivatedprimarily by the needto explain classical
reactiontime resultsratherthanthe patternof eye movementsobsered duringvisual tasks. Other
modelshave exploredthe useof bottom-upsalieny mapsandhave usedeye movementscan-paths
as sensori-motomemoriesfor recognition[Didday and Arbib, 1975; Rimey and Brown, 1991;
Gie®nget al., 1991; Yamadaand Cottrell, 1995;Rybaket al., 1997. This paperproposesa new
modelof the gazetargetingprocessn naturaltasksthatusesboth bottom-upscenerepresentations
aswell astop-davn targetdescriptiongor gazecontrol.

Our modelacknavledgesthe fact that the natureof gazechangess highly dependenbn task
contet. Whenstartingfrom scratchpneis forcedto useappearancieaturesvhenmakingeye move-
ments but whenstartingfrom arememberedontet, spatialinformationcanbe exploitedfor more
ef®cienttargeting. Spatialmemoryhowever requiresadditionalreferencdramesto parsimoniously
accounfor thefactthatpreviously memorizedargetsareconstantlychangingn retinalcoordinates.
In orderto avoid the prohibitive costof updatingn retinalcoordinatesanobject-centerettamecan
be usedfor retainingspatialmemoryof relevanttargetlocations.

The proposednodelsharessomesimilaritieswith the visualsearchmodelproposedn [Hooge,
1994 (andmoregenerally the ideasof [Milner andGoodale 1999). In fact, the2what? 2where?
and 2when® mechanismf [Hooge, 1994 addressthe appearancenodels,the spatialmemory
model, and the decisionprocessrespectiely. However, the model describedherein containsa
detailedcomputationatiescriptionof how suchgazechangemechanismsouldwork asa coherent
wholeby exploiting thenotionsof salieny maps,jconicscenaepresentationgndreferencérames.

Our modelof visual searchreliescrucially on the existenceof a coarse-to-®nmatchingmech-
anism. The main bene®bf a coarse-to-®nstratgy is thatit allows continuousexecutionof the
decision/oculomotoprocessestherebyincreasingthe probability of an early match. Coarse-to-
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Figurel2: Model Eye MovementsWhen Searching for a Yellow Block. (a) A yellow blockis ®xatedn the model
patternand(b) the ®lterresponsesectorfor the block is memorized.(c) This memorizedvectoris usedfor specifying
potentiattargetsin thesalieny map. The potentiattargetsarerestrictedo theresourceaareaontheright handsideof the
board.Thisareais speci®edvith respecto the centerof thesceneandstoredin  , but asthe centerof thescenewith
respecto theretinaloriginis alwayskepttrackof using , theresourceareacanbecorrectlylocatedin currentretinal
coordinates.(d) An eye mavementis madeto the locationcontainingthe peakof the salieny map after the resource

areahasbeendelimitedusingspatialmemory
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®nestratgies have also enjoyedrecentpopularityin computervision with the adwent of image
pyramidsfor taskssuchas motion detection[Burt, 1984. Onekey guestionthat remainsis the
sourceof sequentialapplicationof the ®ltersin the humanvisual system. A possiblesourceis
the variationin resolutionof the retina. Sinceresolutionfalls off with distancefrom the fovea,
the ®nespatialscalesmay be ineffective during early stagesof searchpurely becauseghe ®xation
point is distantfrom the tamget. Indeed,[Geislerand Chou, 1995 have shovn that much of the
variationin searchtime for spatially ®lteredGaussiamoiseimagescan be accountedor by the
discriminability of the target from the background so this is undoubtedlya factor in the current
experimentandpresumablyfor a varietyof naturalcircumstancesAlthoughindividualtargetswere
clearlyvisible whenholding®xation someof thetargetswerenot easilyidenti®able However, our
preliminaryexperimentsvith modelingthevariationin retinalresolutionsuggesthatthis is notthe
completeexplanation. The variationsat middle distancedrom the foveaaretoo smallto explain
the dramaticimprovementin targetlocationexperiencedwith the secondsaccade.Therearetwo
remainingpossibilities:(a) the resolutionfall-off in the cortex is differentfrom theretinalvariation
in away thatsupportshe data(cf. experimentson the 2useful ®eldof view® [Wolfe, 1994), or (b)
the cortical machineryis setup to matchthe larger scales®rstastargetinformationis propagated
via cortico-corticafeedbackrom higherto lower areasn thevisualcorticalhierarchy(Section3).
In the latter case the obsered datawould resultfrom the fact thatthe oculomotorsystemis ready
to move beforeall the scalescan be matched,and thusthe eyes move to the currentbesttamget
position. This interpretatiorof the datais appealingn two aspects.First, it re ectsalong history
of obserationson the priority of large scalechannelsn vision [Navon, 1977; Breitmeyer, 1975;
ParkerandDutch,1987, eventhoughthereactiontime differencebetweerspatialfrequenciesnay
be quite small. Second,t re ects currentthinking abouteye movementprogrammingsuggesting
that®xationtimesaremoreor less®xed andthatthe eyesaremoved assoonasthey canbein the
courseof visual problemsolving.

The modelfor spatialmemoryusestwo primaryreferencdrames,onefor rememberingffsets
with respecto a sceneandanotherfor rememberindghe currentscenecoordinatewith respecto
theretinal frame. Thereis an asymmetrybetweentheseframes,in thatthe formerneedsto keep
trackof multiple targets,whereaghe latterneedsonly keeptrack of a singledatapoint, namely the
relationof the sceneto retinalorigin. As discussedn [Ballard, 1986, therearetwo basickinds of
encodinghatcanbeemployedby neurons.For multiple targets,a valueunit encodingcanbeused,
whereinthe neurons receptve ®eldis localizedandthe peak®ringratesignalsa speci®docation.
For singletargets,a variable unit encodingcanbe used,whereinthe ®ringrateis proportionalto
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a scalarparametepertainingto the encodedarget. Theseideasmotivatethe notionof gain ®elds
or basis®eldgPougetand Sejnavski, 1995; Salinasand Abbott, 1994 thathave proved usefulin
modelingneuronakesponse the parietalcortex [Anderseret al., 1984, whereheadcoordinates
are encodedwith a variableunit stratgy, but target coordinatesare encodedwith punctatevalue
unit receptve ®elds. Thus, the existenceof neuralgain ®eldsin parietalcortex andthe useof a
mixed stratgy of variableunitsfor headpositionandvalueunitsfor targetlocation,canbe viewed
asindirectsupportfor the scene/objedramedichotomyusedby our spatialmemorymodel.

Normally, a saccadas followedby a 300 millisecond®xationperiodbeforethe next saccades
generatedUndercertaincircumstancesxpresssaccadesrealsoobseved FischemndBoch,1983;
FischerandRamspeger, 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 the centerof-gravity 2skipping®
eye movementaremuchsmallerthannormal(around30-130milliseconds)smallenoughto qualify
themasexpresssaccadesThereis avery simpleexplanationof theseshortlatenciesn the context
of the proposedmodel. In a normal®xation,informationfrom that ®xationis presumablyusedin
thecomputatiorof the next target. This necessitatesomeset-uptime for theinformationto be part
of the targetingcomputation.However, in somecasesthe next targetmay not requireinformation
from the current®xation. In suchcasesthe ®xationtimes can be mademuch shorter Sucha
situationmay occurin the caseof the @skipping® eye movements,asthe targetingis basedon a
correlationprocesahichis beingdonesequentiallyacrossscales.Of coursethe partialcorrelation
resultscontainedn thesalieny maphave to be3shifted°[AnderserandVanEssen1987 dueto the
intermediatezye movementspeforebeingintegrated but the sceneramecontainsthe information
necessaryo performthis shifting. The crucial point is that expresssaccadesnay simply re ect a
simplerelationshipbetweerthe ongoingcomputatiorof the salieny mapandthe motorcommand
thatexecuteseye movements.Whenthe salieny mapcomputationsanbe speededip, therate of
saccadesanbe madecorrespondinglyaster

Thereexists a vastliteratureon therole of attentionin visual cognition[ TreismanmandGelade,
1980;Treisman,1988;Allport, 1989;KroseandJulesz,1989;PosnelandPetersen1990; Saarinen
andJulesz,1991;DuncanandHumphreys, 1993. Attentionhasbeencharacterizedscovertsearch
basedon the metaphorof an attentionalspotlight. Someof the searchresultshave suggestedhat
targetscanbe examinedat therateof about25 millisecondsperitem, with the attentionalspotlight
moving fromonelocationto thenext ataspeedf aboutoneattentionakhift every30-50milliseconds
[Krose and Julesz,1989; Saarinenand Julesz,1991. Models of attention(for example,[Niebur
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andKoch,1994) have in factliterally modelecthis shift of the 2focus of attentior? Thetechnical
adwantageof sucha stratgy is that,sincegazeis ®xd, retinalcoordinatexanbe usedfor keeping
trackof examinedocationsfor inhibition of return[KochandUlIman, 1985. However, sincesignal
transmissiorthroughvisual cortex is on theorderof 80-100milliseconds performingcovert search
with an attentionalspotlightwhile simultaneouslyobeying this stringenttime constraintseemsa
dif®cultende&or. An alternateexplanationprovided by the presentmodelis that covert search
occurswheneer the decisionprocess®nishedeforean eye movementis made. This would occut
for example,in the caseswherethe presenceof the tamgetin a peripherallocationcanbe judged
directlyfromthecorrelationpeaksin the salieny mapusingasignal-to-noiseriterion. Undersuch
circumstanceshe eye movementbecomesuper uousandadecisionasto the presencer absence
of thetargetcanbe madeimmediatelywithout theneedfor anovert saccadeSuchaninterpretation
is especiallyattractve sinceit allows a singletargetingmechanisnto parsimoniouslyaccountfor
bothcovertandovertsearch.lt is alsoconsistentvith theconclusion®f both[Shepheretal., 1984
and[Groner 1989 suggestinghattheattentionabndsaccadisystemareregulatedoy differentbut
closelyrelatedoculomotorcontrolsystems.
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