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Abstract

Understandingtheperceptionof all but themostimpoverishedandarti�cial scenespresentsadiffer-
ent(andlikely fargreater)kind of challengethanunderstandingfacerecognition,reading,or identi�ca-
tion (or evencategorization)of standaloneobjects.Thisarticlesurveyscentralissuesin theinterpretation
of structuredobjectsandscenes(startingwith basics,suchasthemeaningof seeing),andoutlinesa the-
oreticalapproachto this formidabletask,motivatedby somerecentdevelopmentsin neuroscienceand
neurophilosophy.

1 Vision asscenedescription

Whatdoesit mean,to see?Theplain man's answer(andAristotle's, too) wouldbe, to knowwhatis where
by looking. In otherwords,vision is theprocessof discovering from imageswhat is presentin theworld,
andwhere it is. A commonnotionof vision, consistentwith this excerptfrom the�rst paragraphof David
Marr's book [1], may be likenedto the predicamentof a personwith a �ashlight placedin a pitch-dark
room full of unfamiliar furniture. Onewould hopethat, by swingingthe beamaround,the observer may
beableto recognizetheobjectspresentin theroom(a cathere,anaquariumthere,etc.) — a taskthatno
longerappearsasdauntingasit usedto, if only becauseits computationalnatureis now betterunderstood
[2, 3]. Thereis, however, moreto high-level vision thanrecognizingandmentallylabelingoneobjectafter
another, just asthereis moreto our visualworld thana list of objectsin the�eld of view thatcanbeticked
off. Unlessviewed in darknesswith theaid of a searchlight,objectspresentthemselvesto usembeddedin
scenes,combinedandrecombinedin ahighly variable,yet structured,manner.

It is temptingto draw aparallelbetweenthestructureof compositeobjectsandscenesandthatof natural
languages.However, thisanalogy, whichmotivates“structuraldescription”theoriesof objectrepresentation
[4], leadsthequestfor a comprehensive theoryof visualrepresentationto a dilemma.On theonehand,the
needto dealexplicitly with structuredoesnot arisein recognitiontasks[5, 6]; also,a scenethataffordsa
satisfactorydescriptionby a noun-phraseobservationalsentence(“lo, a tabbycat”) fails to give thehuman
languagesystema run for its money. On the otherhand,our linguistic apparatusfalls shortof capturing
thevisualworld in all its richness,andmoresothemorecomplex thescene(cf. Figure1). Thus,it seems
thata theoryof visionpatternedon theprevalenttheoriesof languagewouldbemorestructuralthanwhatis
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strictly necessaryfor objectrecognition,yetnotstructuralenough(or perhapsstructuredin awrongmanner)
to accountfor sceneperception.A numberof argumentssupportingthis claim areofferedbelow, followed
by a tentative resolutionof theconundrumarisingfrom theneedto representstructure.

Figure1 here.

2 Problemsarising fr om equatingvision with description

To guidethestudyof biological vision, andto facilitatethedevelopmentof computervision systemsthat
seeratherthando target acquisition,it is importantto identify the problematicaspectsof descriptionin
general,andstructuraldescriptionsin particular, consideredastheultimategoalof vision. Theseare: (1)
the inherentineffability of pictures,(2) the questionableontologicalstatusof “objects” of which scenes
arecomposed,(3) the impossibility of segmentingimagesin a consistentandprincipledmanner, (4) the
potentialinvolvementof theentirecognitive systemof theperceiver in interpretingimagefragmentsboth
small andlarge, and(5) the needfor a homunculusimplied in postulatinga language-like format for the
ultimatestageof visualrepresentation.

Ineffability . The inability of languageto put certainthingsinto wordshasbeenpointedout by philoso-
phersandsemioticians,particularlythoseof Kantianpredisposition[7]. In applyinglanguageto vision, it
is customaryto distinguishbetweeninterpretation(astatementof themeaningof thescene)anddescription
(“a compositionbringingthesubjectclearlybeforetheeyes”). Thesetwo modesof verbalizationof images
areequallyproblematic:thedisagreementoverthepaintingreproducedin Figure1, left, for example,ranges
from generalinterpretationto speci�c details.In view of this indeterminacy, oneobviously cannotexpecta
one-to-onecorrespondencebetweenthe imageandany of its verbaldescriptions— a realizationthatdoes
notbodewell for anentireclassof theoriesof high-level vision [8, 9, 10, 11, 4, 12].

Why areimagesineffable? The quantitative aspectof ineffability canbe formalized: any reasonable-
lengthdescriptionfalls shortof conveying all the informationpresentin the image[13]; a pictureis worth
much more than a thousandwords. A different, conceptualkind of ineffability stemsfrom a mismatch
betweencategoryboundaries(includingthosepertainingto spatialcategories)availablein naturallanguages
andtheextremely�ne-grainedcategoriesdiscerniblein principle in an image. In a sense,we do not have
enoughnames(nor sentences,if theseareto beof manageablecomplexity) for all the things,thingiesand
thingikinsthatcanbefoundin animage.

Ontology. An old andstill popularsolutionto this overabundanceof possibleobjectsis to legislatean
ontology(a list of everythingthat is), and to settlefor seeingonly certainthings: thosethat matchyour
schemataor concepts(aKantianremedy, echoedin [7]). Noticehow thenotionthatto seeis “to know what
is whereby looking” [1] presupposestheexistence“out there”of clearlydelineatedentities,which merely
needto be detectedandlabeled;without suchan assumption,the “what” in Marr's maxim is ill-de�ned.
This, however, is a rathershort-sightedontologicalstrategy, andit leadsto the poor cognitive strategy of
only looking for “legitimate”objectsthataremembersof somea priori sanctionedset.

Segmentation. Theconceptualbasisfor forming thedescriptionof an imagein termsof objectspresent
in it is compromisednot only by thedebatableontologicalstatusof variousobjects,but alsoby the inde-
terminacieslurking behindthedecisionto which objectshoulda givenpixel beattributed. As before,two
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aspectsof the problemcanbe discerned.The �rst is the technicalissueof imagesegmentation,which is
known in computervision to beanextremelychallengingtask[14]. A carefulconsiderationof thesecond,
conceptualaspectof segmentationmakesonewish thattechnicalities,complicatedasthey maybe,werethe
only challengeto bemet. An insight into theconceptof imagesegmentationcanbegleanedfrom drawing
ananalogybetweentheimplied needto attributea discretelabelto eachpixel andtheprocessof makinga
jigsaw puzzleoutof animage.This latterapproachcallsfor a “gold standard”de�ning, for eachimage,the
canonicalform of thepuzzle.Alas, all attemptsto do soquickly founder, asillustratedin Figure1 on the
exampleof Giorgione's well-known painting,theTempest[15].

Holism. An importantsourceof dif�culties that arisein an attemptto grouppixels togetheris the dis-
tributed– indeed,holistic– natureof theinformationthatcanbepotentiallyrelevantto groupingdecisions.
Theultimateinterpretationof an imagefragmentmoreoftenthannot dependson its context, if not on the
entire image(note that experimentalstudiesof sceneperception,suchas [16, 17, 18, 19], tend to focus
on the recognitionof independentlyde�ned target objectsembeddedin scenes,therebyskirting the really
problematicissueraisedhere).Becauseof that,astraightforwardextensionof objectrecognitiontechniques
to sceneunderstandingis not likely to work: it may be possibleto identify an objectsingledout by the
“searchlight”of amodel-basedrecognitionprocessasaparticularmemberof asmalllist of alternatives,but
notasathing in itself in anunconstrainedsituation.For example,thewindow awningonthetower immedi-
atelybehindthebridgein theTempest(Figure1, left) is reducedto a meaninglesscollectionof pixels if its
context is excluded.

Homunculus. Supposeall theproblemsdiscussedsofar aresolvedandthevision moduleof a cognitive
systemcomesup with anannotationfor theobserved scenethat is concise,comprehensive, anduniquein
a principledmanner. The ideaof sucha representationis popularboth in science�ction (Figure2) andin
computervision(anillustrationof thegoalsof the“imageinterpretation”systemproposedin [12] looksvery
muchlike Figure1, right). Settingasidethe feasibility concerns,onemay ask,what would an annotated
imagebegoodfor? Not much– unlesstherestof thesystemrecruitsahomunculusto dealwith thenatural
languageannotations.Merely leaving languageoutof thepicturewouldnothelp: thenotionthatthegoalof
vision shouldbetherecovery of thefull 3D structureof thesceneleadsto a conceptuallyrelatedproblem.
In the�rst case,ahomunculusis neededto readtheannotation;in thesecondcase,to seethereconstructed
scene.

Figure2 here.

3 Saving vision: a synthesis

Thenotionof makingsenseof ascenerequiresanelaborationthatwouldspelloutacomputationallyviable
approachto scenerepresentationwhile avoiding the variousconceptualtrapslisted above. Someof the
possibleingredientsof suchanapproacharediscussednext.

3.1 Similarity-spaceontology

Thoseresearcherswho recognizetheneedfor settingtheontologystraightrealizethechallengeinherentin
thisproject:“That youcometo gleanthisstableontology, of particularsthatinstantiatetypes,of particulars
thatoccupy stableplacesin theworld, is anastoundingcapacity. [...] Toconceiveof typesandtokens,places
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andobjectsasexisting at all, given our sensoryaccessto theworld, is a fantasticallydif�cult task.” [20].
To addressthis task,it is usefulto distinguishbetweenthe“what” andthe“where” aspectsof thesensory
input, andto let the latterserve asthescaffolding holding thewould-beobjectsin place. Both objectand
placecuescanbe coarse-coded[21]. Indeed,the mostbasictenetof sensoryphysiologystatesthat any
suchcuesare coarse-coded:a neuronthat respondsto someshape(no matterhow simpleor complex) at
somelocationwill alsorespond(perhapslessvigorously)to similarshapesatsimilar locations(for themost
relevantreferences,seeFigure3).

In oneimplementedrepresentationschemebasedon theseprinciples[3], “what” entities(thewould-be
objects)arecodedby their similaritiesto anensembleof familiar referenceshapes[5]. At thesametime,
the“where” aspectsof theobject/scenestructurearerepresentedby thespatialdistribution of thereceptive
�elds of theensemblemembers[22, 23]. Functionally, this amountsto theuseof visual spaceasits own
representation[24]; think of a corkboardto which thevariousreference-shapesimilarity vectorsarepinned
[23].

A crucial propertyof this scheme,which is essentiallya multidimensionalsimilarity space(Figure3,
left), is its ontological neutrality bothwith respectto shape(a muchlargervarietyof shapescanberepre-
sented,withoutacommitmentto analphabetof genericparts,thanthefew objectsthatareactually“stored”),
andwith respectto location(any placecanbeencoded,althoughonly afew needto berepresentedexplicitly,
the restcanbe interpolated;this is donewithout a commitmentto a particularspatialresolution).Proba-
bilistic considerationssuchasthe Minimum DescriptionLengthprinciple canbe usedto determinewhat
referenceshapesandwhatplaceholdersareworth representingexplicitly [23]; recentpsychophysical�nd-
ings suggestthat probabilisticprinciplesareindeedemployed by subjectsin theunsupervisedlearningof
visualstructure[25, 26].

Figure3 here.

3.2 Attention, on-demandprocessing,and the binding problem

The“what+where”similarity spaceoffersasolutionto thebasicproblemof scene(or objectstructure)rep-
resentation— “what is where”— while avoiding theproblematicearlycommitmentto a rigid designation
of theidentity of anobjectandto its crispsegmentationfrom thebackground.Insteadof asking“to which
objectdoesthis pixel (actually, visualdirection)belong?” it is moreproductive, andmoreconsistentwith
theprincipleof LeastCommitment[1], to characterizeit by themultidimensionalvectorof shape(andtex-
ture,andcolor) informationobtainedby �xing thevaluesof thespacedimensions.If andwhena complex
structure-relateddecisionis requiredfor anattendedvisualdirection,it canbemadeon thebasisof therich
distributedrepresentation(thedependenceof thevisualprocessingof structuralinformationon attentionis
well-documented[27, 28, 29, 30]; see[31] for review).

Keepingthe specialstatusof “space” space(as opposedto shape,color and texture spaces)in this
representationschemehasa surprisingbene�cial sideeffect: bindingpropertiesto objects.To seehow this
importantvarietyof thebindingproblem[32] is resolved,considera classicalexample:a sceneconsisting
of a red circle and a blue square. Confusionwith the interpretation[blue circle; red square]is averted
by treatingshapeand color information as labelspertainingto speci�c locations,as in notespinnedto
a corkboard: red andcircle here, blue andsquarethere. Likewise, an upright human�gure will not be
confusedwith a jumbledcollectionof bodyparts:theheadis seenasabove thetorso,not becauseaboveis
anabstracttwo-slot framebindingtogetherfree-�oating symbolsfor headandtorso,but becausethehead
is here, thetorsois there, andtheformerlocationhappensto beabove thelatter in thevisual�eld [22]. As
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observed by Clark [33], pp.160-162,in suchexamplescolor andshapeassumethe role of predicates,and
locations– of propernames.

If a perceptualtaskis de�ned in termsof quantitiesnot directly availablein the “what+where”repre-
sentation,attentionwill be neededto performit. This is expectedto happenfor spatialrelationsthat are
too complex (e.g.,becausethey involve indirection,asin “do the earlobesin that facereachdown below
thetip of thenose?”),or in various“illusory conjunction”situations[34], which,onemayconjecture,occur
becausethe full layoutof thesceneis not normallycommittedto memory[24, 35]. Unlike in Treisman's
FeatureIntegrationTheory[34], however, noattention-controlledmastermapis needed,becausefeaturesare
associatedwith locationsby default; two featurespertainingto thesameobjectaretherebyboundtogether
(albeitin adistributedfashion),simplybecausethey areaboutthesameplace[33].

3.3 The Zen of distrib uted representation

Whencoupledwith the identity theoryof mind (thehypothesisthatmind is neuralactivity [36]), theview
of perceptionoutlinedhereoffers a new take on qualia,the classicalineffableentity in philosophy([37];
seeBox: Qualia).Therelationshipbetweenmultidimensionaldistributedrepresentationsandqualiais best
expressedby J.J.C. Smart,oneof theoriginatorsof theidentity theory:

“Certainly walking in a forest,seeingtheblueof thesky, thegreenof thetrees,theredof the
track,onemay �nd it hardto believe that our qualiaaremerelypointsin a multidimensional
similarity space.But perhapsthatis whatit is like (to useaphrasethatcanbedistrusted)to be
awareof a point in amultidimensionalsimilarity space.” [36]

This intriguing observationalludesto — andturnson its head— Nagel's famousargumentfor theprivacy
of phenomenalquality of experience(seeBox: Qualia).Whereastheeliminative stance(suchasDennett's
[38]) woulddoawaywith qualiaaltogether, thisview offersareductive [39] explanationthatis appealingon
groundsbothpsychophysical[40] andneurobiological[41]. At thevery least,theselinks betweencognitive
sciencesandthe philosophyof mind motivatea renewed scrutiny of the computational,psychophysical,
neurobiological– andphenomenological– aspectsof distributedrepresentations.Theemerging cognitively
plausibleversionof the identity theoryalsopresentsin a new light Aristotle's commenton vision (offered
parentheticallyin a discussionof actualitiesandpotenciesin Book IX, part8 of Metaphysics): In sightthe
ultimatething is seeing, andno otherproductbesidesthis resultsfromsight.
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QUALIA
Theterm`qualia' (singular`quale') refersto the introspectively accessible,phenomenalaspectsof
ourmentallives[42]. A typicalexampleis therednessof atomato:all theknowledgeof thespectral
compositionof the light re�ected by the tomatodoesnot seemto convey thesubjective quality of
thevisualexperienceit evokes.
Oneof themorefamousargumentsfor theineffability of qualiaappearedin ThomasNagel's paper
Whatis it liketo beabat?, whichlinks subjectiveexperiencewith consciousness:“. . . fundamentally
anorganismhasconsciousmentalstatesif andonly if thereis somethingthatit is to bethatorganism
– somethingit is likefor theorganism.Wemaycall thisthesubjectivecharacterof experience.” [43].
For anilluminatingdeconstructionof thelike-to-be-nessargumentfor ineffablequalia,see[33] (esp.
p.129,wherethecentralroleof psychophysicsin thescienti�c studyof qualiais af�rmed).
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OUTSTANDING ISSUES

1. How shouldtheapparentunity of perceptualexperienceshapeourtheoriesof representation?
The ideathatphenomenalunity (and“binding”) requiresconvergenceof all the relevant in-
formationontoa singleneuron(a simplisticnotion:why shouldsingleneuronspossesstran-
scendentalunifying powers?)hasbeennow abandonedin favor of ensembleresponsemodels
involving synchrony or phase-locking[44]. This, however, merelypostponesthe needfor
convergence;otherwise,how is thesynchrony to bedetected(or, indeed,maintained)?In a
truly viable theory, representationswould have to remaindistributed,yet causallyeffective
(asnotedby Teller [45]).

2. Is a new phenomenology, which would completelyeschew transcendentalismin favor of
computationalprinciples,possible?Is it alreadyhere?(cf. [33], p.129:“Thereis noneedfor
a new disciplineof objectivephenomenology. We alreadyhave sucha discipline.It is called
psychophysics.”) Someof thecurrentattemptsto naturalizephenomenology[46] seemto put
it ontoa convergencecoursewith cognitivescience,but muchmorework in thatdirectionis
needed.
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GLOSSARY

Binding problem. Any componentialrepresentationwouldseemto beconfrontedwith theneed
to bind togetherthe componentsinto a uni�ed whole, becauseour perceptionof objects,even of
structuredones,appearsto beunitaryandseamless.BindinghasbeenpromotedbyvonderMalsburg
[47, 44] asa majorproblemin distributedinformationprocessing.In a comprehensive discussion
of its many aspects,Treisman[32] pointsout that “Objectsandlocationsappearto be separately
codedin ventral and dorsalpathways, respectively, raising what may be the most basicbinding
problem: linking `what' to `where'.” A distributedrepresentationin which “what” and “where”
cuesarecodedjointly hasbeenproposedrecentlyasa remedyfor suchconcerns(it is now known
thattheseparationbetween“what” and“where” informationin primatevision is far from absolute;
seelegendto Figure3).

Meaning holism. This philosophicalstancepostulatesthe interrelatednessof meaningswithin
the humancognitive system:“Our statementsaboutthe externalworld facethe tribunal of sense
experiencenot individually but only asa corporatebody.” [48], p.41. Whenappliedto sceneper-
ception,it translatesinto theclaimthatthemeaningof virtually everyportionof thevisual�eld may
dependonthatof virtually everyotherportion.For apessimisticview of meaningholismasamajor
stumblingblock for cognitivescience,see[49], p.28.

Minimum Description Length. A generalinformation-theoreticprinciple[50], relatedto Oc-
cam's Razor, thatcanbeusedto guideunsupervisedlearningof cognitive representations.Accord-
ing to theMDL principle,theentitiesto beusedin describinga collectionof structureddata(e.g.,
visualscenes)shouldbechosensoasto minimizethejoint costof (1) representingasetof primitives
and(2) representingthedatain termsof thoseprimitives.Thereareindicationsthathumansubjects
userelatedconsiderationsin unsupervisedlearningof structuredvisualstimuli [25, 26].

Structural descriptions. On this theoryof vision, an object is representedasa collectionof
genericparts(chosenfrom a smallsetcommonto all objects),alongwith their spatialrelationships
[4, 51], much as utterancesare composedof simpler, genericbuilding blocks – phonemes.On
a closerinspection,this analogyactuallysupportsmy scepticismaboutthe discrete,mereological
(“calculusof parts”) view of cognitive representations(e.g.,becausecoarticulation[52] blurs the
boundariesbetweenphonemesutteredin succession,which is the only way they ever appearin
normalspeech).
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Figure1: On scenesand their descriptions.Left: A visual scene(Giorgione's Tempest) overlaid with a
descriptionconsistingof a setof spatiallylocalizedannotations.An unspoiledversionof this paintingcan
be viewed at http://www.artchive.com/artchive/G/giorgione/tempest.jpg.html. Right: The annotationon its
own, with the imageremoved, falls far shortof one's phenomenalexperienceof the scene.Worse,even
decidinghow manyobjectsare therein the image(somethingwe areconditionedto expect,say, from a
computervision system)is a formulationthat is fraughtwith conceptualdif�culties. Hereis how Elkins
([15], p.135)describesthe pitfalls inherentin viewing imagesas jigsaw puzzles: “In any versionof the
jigsaw-puzzlemetaphor, a fundamentalproblemis decidingthenumberof piecesin thepuzzle.Settis[the
authorof anin�uential commentaryontheTempest] makesapointof claimingthathissolutionis complete,
sinceit provides an explanationfor every elementof the painting. But it' s opento questionhow many
elementsthereare,andwhatcountsasa piece. ... SinceSettis' bookappearedin 1978therehave beenat
leasttwentymoreinterpretations,andseveralof themnamedifferentpuzzlepieces.” Indeed,expandingthe
annotationinto a full-blown narrative doesnot help: verbaldescriptionsarelikely to vary widely between
narratorswithout yet doing justice to the picture they purport to describe. Is the subjectof the Tempest
the life of Adam andEve outsidethe Gardenof Eden? the sucklingof Romulusby Acca Larentia? the
defenseof Paduaagainstthe Hapsburgs by the Venetiansin 1509? Elkins (the sourceof this partial list
of interpretations[15]) endsup calling this painting“Giorgione's `meaningless'Tempest.” Apparently, art
historians�nd it asdif�cult to agreeonthedescriptionof eventhemostinnocuouslandscapepaintingasthe
restof uson aJacksonPollock.
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Figure2: A screenshotfrom oneof theTerminatormovies,showing theoutputof therobot'svisualmodule,
presented,presumably, to thehomunculusin the internalcommandandcontrolpost. Theannotationsare
a mixture of Englishandabbreviationsmadeto resemblecomputerassemblylanguage.The conceptof
representationimplied by this picture is deeplyproblematic. If the robot recognizesthe motorcycle and
this recognitioncansetoff a chainof actions(in a mannersuggested,for example,in Figure3, right) that
would resultin riding it, theannotationis super�uous. If, on theotherhand,the robot's representationof
themotorcycle consistsof theannotationitself, it is not clearhow cantheactionof riding beguided: it is
theshapeof thesaddle,not theword“saddle,” thataffordsriding (in J.J.Gibson's sense).
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Figure3: Left: Thefunctionalprinciplebehindthemultiple mapsapproachto scenerepresentation.In this
illustration, two “where” dimensions(correspondingto the imagelocation),and two “what” dimensions
(similarity to bridge andsimilarity to person ) areshown. For animplementationof this approach,re-
lying on therecentlydescribed“what+where”cells [53, 54] andtheMDL principle,see[23]. Right: The
distributednatureof this representationis unsettlingto some,asindicatedby this excerptfrom Teller [45]:
“If two or moreneuronsareto actjointly to determineaperceptualstate,musttheiroutputsnecessarilycon-
vergeuponasuccessive neuronwhosestateuniquelydeterminestheperceptualstate?[...] It is a `dilemma'
in thesensethatbothanswersseemunacceptable.Requiringsuchconvergencewould requirelots of neu-
ronswhoseonly job would beto registercombinationsof activity amongotherneurons.But without such
convergenceit is dif�cult to seehow somejoint effectscouldbeproduced.” [45], p.1244.Similar concerns
motivatethe developmentof modelsof binding that rely on synchronousneuralactivity [44]. The neces-
sity of theseextra postulatesshouldbeexaminedin the light of distributedsolutionsto the “joint effects”
dilemma,suchasthis “crossbar”associationnetwork [55, 56, 57], whichoffersameansfor theconstituents
of adistributedrepresentationto exercisejoint action,providedthatthedimensionalityof therepresentation
is manageable[3], p.223.
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