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Abstract

Understandinghe perceptiorof all but themostimpoverishedandarti cial scenepresentsa differ-
ent(andlikely far greaterkind of challengehanunderstandindgacerecognition reading,or identi ca-
tion (or evencateyorization)of standalon@bjects.Thisarticlesureyscentralissuesn theinterpretation
of structuredbbjectsandscenegstartingwith basics suchasthe meaningof seeing) andoutlinesathe-
oreticalapproachto this formidabletask, motivatedby somerecentdevelopmentsn neurosciencand
neurophilosophy

1 Vision asscenedescription

Whatdoesit meanto see?Theplain man's answer(and Aristotle's, too) would be, to knowwhatis whee
by looking In otherwords, visionis the processof discorering fromimageswhatis presentin the world,
andwheeit is. A commonnotionof vision, consistentvith this excerptfrom the rst paragraptof David
Marr's book [1], may be likenedto the predicamenbf a personwith a ashlight placedin a pitch-dark
room full of unfamiliar furniture. Onewould hopethat, by swingingthe beamaround,the obserer may
be ableto recanizethe objectspresentin the room (a cat here,an aquariumthere,etc.) — ataskthatno
longerappearsasdauntingasit usedto, if only becauséts computationahatureis now betterunderstood
[2, 3]. Thereis, however, moreto high-level vision thanrecognizingandmentallylabelingoneobjectafter
anotherjustasthereis moreto our visualworld thanalist of objectsin the eld of view thatcanbeticked
off. Unlessviewedin darknessith the aid of a searchlightpbjectspresenthemselesto usembeddedn
scenes¢combinedandrecombinedn ahighly variable,yet structuredmanner

It is temptingto draw a parallelbetweerthestructureof compositebjectsandscenesindthatof natural
languagesHowever, thisanalogywhich motivates‘structuraldescription”theoriesof objectrepresentation
[4], leadsthe questfor acomprehense theoryof visualrepresentatioto a dilemma.Ontheonehand,the
needto dealexplicitly with structuredoesnot arisein recognitiontasks[5, 6]; also,a scenethataffordsa
satishctorydescriptionby a noun-phrasebserationalsentencg“lo, atabbycat”) fails to give thehuman
languagesystema run for its mong.. On the otherhand,our linguistic apparatugdalls shortof capturing
thevisualworld in all its richnessandmoresothe morecomple the sceng(cf. Figurel). Thus,it seems
thatatheoryof vision patternedn the prevalenttheoriesof languagevould be morestructuralthanwhatis



strictly necessarfor objectrecognition yetnotstructuralenough(or perhapstructuredn awrongmanner)
to accountfor sceneperception. A numberof agumentssupportingthis claim are offeredbelaw, followed
by atentatve resolutionof the conundrumarisingfrom the needto represenstructure.

Figure 1 here.

2 Problemsarising from equating vision with description

To guidethe studyof biological vision, andto facilitate the developmentof computervision systemghat
seeratherthando tamget acquisition,it is importantto identify the problematicaspectf descriptionin
generalandstructuraldescriptionsn particular consideredasthe ultimate goal of vision. Theseare: (1)
the inherentineffability of pictures,(2) the questionableontological statusof “objects” of which scenes
are composed(3) the impossibility of sggmentingimagesin a consisten@and principled manney (4) the
potentialinvolvementof the entire cognitve systemof the percever in interpretingimagefragmentsboth
small andlarge, and(5) the needfor a homunculusmplied in postulatinga language-lik formatfor the
ultimatestageof visualrepresentation.

Ineffability. Theinability of languageto put certainthingsinto words hasbeenpointedout by philoso-
phersandsemioticiansparticularlythoseof Kantianpredispositior{7]. In applyinglanguagéo vision, it
is customaryto distinguishbetweerninterpretationa statemenof the meaningof the sceneanddescription
(“a compositiorbringingthe subjectclearly beforethe eyes”). Thesetwo modesof verbalizationof images
areequallyproblematicthedisagreemerdverthepaintingreproducedn Figurel, left, for example ranges
from generalnterpretatiorto speci ¢ details.In view of thisindeterminag, oneobviously cannotexpecta
one-to-onecorrespondencketweerthe imageandary of its verbaldescriptions— arealizationthatdoes
notbodewell for anentireclassof theoriesof high-level vision[8, 9, 10, 11, 4, 12)].

Why areimagesineffable? The quantitatve aspectof ineffability canbe formalized: ary reasonable-
lengthdescriptionfalls shortof corveying all theinformationpresenin theimage[13]; a pictureis worth
much more than a thousandwords. A different, conceptuakind of ineffability stemsfrom a mismatch
betweercatgory boundariegincludingthosepertainingto spatialcatgyories)availablein naturallanguages
andthe extremely ne-grained cateyoriesdiscerniblein principlein animage. In a sensewe do not have
enoughnamegnor sentencesf theseareto be of manageableompleity) for all the things,thingiesand
thingikinsthatcanbefoundin animage.

Ontology. An old andstill popularsolutionto this overalundanceof possibleobjectsis to legislatean
ontology (a list of everythingthatis), andto settlefor seeingonly certainthings: thosethat matchyour
schematar conceptga Kantianremedyechoedn [7]). Notice how thenotionthatto seeis “to know what
is whereby looking” [1] presupposethe existence'out there” of clearly delineatecentities,which merely
needto be detectedandlabeled;without suchan assumptionthe “what” in Marr's maximis ill-de ned.
This, however, is a rathershort-sightedntologicalstratgy, andit leadsto the poor cognitive stratgy of
only looking for “legitimate” objectsthatarememberf somea priori sanctionedet.

Segmentation. The conceptuabasisfor forming the descriptionof animagein termsof objectspresent
in it is compromisedhot only by the debatableontologicalstatusof variousobjects,but alsoby the inde-
terminaciedurking behindthe decisionto which objectshoulda given pixel be attributed. As before,two



aspectf the problemcanbe discerned.The rst is the technicalissueof imagesegmentationwhich is

known in computervisionto be anextremelychallengingtiask[14]. A carefulconsideratiorof the second,
conceptuaaspecof sggmentatiormakesonewish thattechnicalitiescomplicatecasthey maybe,werethe

only challengeto be met. An insightinto the concepiof imagesegmentationcanbe gleanedrom drawving

ananalogybetweertheimplied needto attribute a discretelabelto eachpixel andthe procesf makinga

jigsaw puzzleout of animage.This latterapproactcallsfor a“gold standard’de ning, for eachimage,the

canonicalform of the puzzle. Alas, all attemptsio do so quickly founder asillustratedin Figurel onthe

exampleof Giorgiones well-known painting,the Tempesf15].

Holism. An importantsourceof dif culties thatarisein an attemptto group pixels togetheris the dis-

tributed— indeed holistic— natureof theinformationthatcanbe potentiallyrelevantto groupingdecisions.
The ultimateinterpretationof animagefragmentmoreoftenthannot depend®n its context, if notonthe

entireimage (note that experimentalstudiesof sceneperceptionsuchas[16, 17, 18, 19], tendto focus

on the recognitionof independentiyde ned target objectsembeddedn scenestherebyskirting the really

problematidssueraisedhere).Becausf that,a straightforvard extensionof objectrecognitiontechniques
to sceneunderstandings not likely to work: it may be possibleto identify an objectsingledout by the

“searchlight’of amodel-basedecognitionprocessasa particularmembernf asmalllist of alternatves,but

notasathingin itselfin anunconstrainegituation.For example thewindow awning onthetowerimmedi-

ately behindthe bridgein the TempestFigurel, left) is reducedo a meaninglessollectionof pixelsif its

contet is excluded.

Homunculus. Supposall the problemsdiscussedofar aresolved andthe vision moduleof a cognitive
systemcomesup with anannotatiorfor the obsered scenethatis concise,comprehense, anduniquein
aprincipledmanner Theideaof sucha representatiois popularbothin sciencection (Figure2) andin
computewision (anillustrationof thegoalsof the“imageinterpretation’systenproposedn [12] looksvery
muchlike Figure1l, right). Settingasidethe feasibility concernspne may ask,whatwould an annotated
imagebe goodfor? Not much— unlesstherestof the systenrecruitsahomunculugo dealwith the natural
languageannotationsMerely leaving languageout of the picturewould not help: the notionthatthegoal of
vision shouldbetherecovery of thefull 3D structureof the scendeadsto a conceptuallyrelatedproblem.
In the rst caseahomunculuds neededo readtheannotationjn the secondcaseo seethereconstructed
scene.

Figure 2 here.

3 Saving vision: a synthesis

Thenotionof makingsenseof ascenaequiresanelaboratiorthatwould spellouta computationallyiable
approachto scenerepresentationvhile avoiding the variousconceptuatrapslisted above. Someof the
possibleingredientsof suchanapproacharediscussedhext.

3.1 Similarity-space ontology

Thoseresearchera/ho recognizehe needfor settingthe ontologystraightrealizethe challenganherentin
this project: “That you cometo gleanthis stableontology of particularsghatinstantiateypes,of particulars
thatoccupy stableplacesn theworld, is anastoundingapacity[...] To conceve of typesandtokens,places
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andobjectsasexisting at all, given our sensoryaccesgo the world, is a fantasticallydif cult task’ [20].
To addressghis task, it is usefulto distinguishbetweerthe “what” andthe “where” aspectof the sensory
input, andto let the latter sene asthe scafolding holding the would-beobjectsin place. Both objectand
placecuescanbe coarse-codefR1]. Indeed,the mostbasictenetof sensoryphysiologystatesthat ary
suchcuesare coarse-codeda neuronthat responddo someshape(no matterhowv simpleor comple) at
somelocationwill alsorespondperhapsessvigorously)to similar shapest similarlocations(for themost
relevantreferencesseeFigure3).

In oneimplementedepresentatioschemebasedon theseprinciples|[3], “what” entities(the would-be
objects)are codedby their similaritiesto an ensembleof familiar referenceshapeg5]. At the sametime,
the“where” aspect®of the object/scenstructurearerepresentetby the spatialdistribution of the receptve

elds of theensemblamemberd22, 23]. Functionally this amountsto the useof visual spaceasits own
representatiof24]; think of a corkboardio which thevariousreference-shapamilarity vectorsarepinned
[23].

A crucial propertyof this schemewhich is essentiallya multidimensionakimilarity space(Figure 3,
left), is its ontolagical neutrlity bothwith respecto shapela muchlarger variety of shapesanberepre-
sentedwithoutacommitmento analphabebdf generigarts thanthefew objectsthatareactually“stored”),
andwith respecto location(ary placecanbeencodedalthoughonly afew needto berepresentedxplicitly,
the restcanbe interpolated;this is donewithout a commitmentto a particularspatialresolution). Proba-
bilistic considerationsuchasthe Minimum DescriptionLength principle can be usedto determinewhat
referenceshape@ndwhatplaceholdersareworth representingxplicitly [23]; recentpsychophysicaind-
ings suggesthat probabilisticprinciplesareindeedemplo/ed by subjectsn the unsupervisedearningof
visualstructure[25, 26).

Figure 3 here.

3.2 Attention, on-demandprocessingand the binding problem

The"what+where”similarity spaceoffersa solutionto the basicproblemof scengor objectstructureyep-
resentation— “what is where”— while avoiding the problematicearly commitmentto a rigid designation
of theidentity of anobjectandto its crisp sgmentatiorfrom the backgroundInsteadof asking“to which
objectdoesthis pixel (actually visualdirection)belong?”it is more productie, and more consistentwith
the principleof LeastCommitmen{1], to characterizét by the multidimensionalvectorof shapgandtex-
ture,andcolor) informationobtainedoy xing thevaluesof the spacedimensionsIf andwhena comple
structure-relatedecisionis requiredfor anattended/isualdirection,it canbe madeon the basisof therich
distributedrepresentatiofthe dependencef the visual processin@f structuralinformationon attentionis
well-documented27, 28, 29, 30]; see[31] for review).

Keepingthe specialstatusof “space” space(as opposedio shape,color and texture spaces)n this
representatioschemehasa surprisingbene cial sideeffect: binding propertiedo objects.To seehow this
importantvariety of the binding problem[32] is resoled, considera classicalexample:a sceneconsisting
of a red circle and a blue square. Confusionwith the interpretation[blue circle; red squarel]is averted
by treating shapeand color information as labels pertainingto speci ¢ locations,asin notespinnedto
a corkboard: red andcircle here, blue and squarethere. Likewise, an upright human gure will not be
confusedwith ajumbledcollectionof body parts:the headis seenasabove thetorso,notbecausaboveis
anabstractwo-slotframebinding togetherfree- oating symbolsfor headandtorso,but because¢he head
is here, thetorsois there, andtheformerlocationhappengo be abore thelatterin thevisual eld [22]. As



obsered by Clark [33], pp.160-162jn suchexamplescolor andshapeassumeherole of predicatesand
locations— of propernames.

If a perceptuataskis de ned in termsof quantitiesnot directly availablein the “what+where” repre-
sentation attentionwill be neededo performit. This is expectedto happenfor spatialrelationsthat are
too comple (e.g.,becausehey involve indirection,asin “do the earlobesn thatfacereachdown belov
thetip of thenose?”)0or in various“illusory conjunction”situationg34], which, onemayconjecturepccur
becausehe full layoutof the scenes not normally committedto memory[24, 35]. Unlike in Treismans
FeaturdntegrationTheory[34], however, noattention-controld mastemapis neededbecauséeaturesare
associatedvith locationsby default; two featuregertainingto the sameobjectaretherebyboundtogether
(albeitin adistributedfashion) simply becausehey areaboutthe sameplace[33].

3.3 The Zen of distrib uted representation

Whencoupledwith theidentity theoryof mind (the hypothesighatmind is neuralactvity [36]), the view
of perceptionoutlinedhereoffers a new take on qualia, the classicalineffable entity in philosophy([37];

seeBox: Qualia). Therelationshipbetweermmultidimensionadistributedrepresentationandqualiais best
expressedy J.J.C. Smart,oneof theoriginatorsof theidentity theory:

“Certainly walking in a forest,seeingthe blue of the sky, the greenof the trees the red of the
track,onemay nd it hardto believe that our qualiaare merelypointsin a multidimensional
similarity space But perhapghatis whatit is like (to usea phrasghatcanbedistrusted}o be
awareof apointin amultidimensionakimilarity spacé. [36]

Thisintriguing obsenrationalludesto — andturnson its head— Nagels famousagumentfor the privacy
of phenomenadjuality of experiencg(seeBox: Qualia). Whereaghe eliminative stancgsuchasDennetts
[38]) would doawaywith qualiaaltogetherthis view offersareductve [39] explanationthatis appealingon
groundsbothpsychophysicgl40] andneurobiologica[41]. At theveryleastthesdinks betweercognitive
sciencesandthe philosophyof mind motivate a reneved scrutiry of the computational psychophysical,
neurobiological- andphenomenologicat aspect®f distributedrepresentations'heemeging cognitively
plausibleversionof the identity theoryalsopresentsn a new light Aristotle's commenton vision (offered
parentheticallyn a discussiorof actualitiesandpotenciesn Book 1X, part8 of Metaphysicks In sightthe
ultimatethingis seeingandno otherproductbesideghis resultsfromsight.
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QUALIA

Theterm qualia’ (singular quale") refersto the introspectvely accessiblephenomenahspectof
ourmentallives[42]. A typical exampleis therednes®f atomato:all theknowledgeof the spectral
compositionof the light re ected by the tomatodoesnot seemto corvey the subjectve quality of
thevisualexperiencat evokes.

Oneof themorefamousargumentdor theineffability of qualiaappearedn ThomasNagel's paper
Whatis it liketo beabat?, whichlinks subjectve experiencewith consciousness: .. fundamentally
anorganismhasconsciousnentalstatesf andonly if thereis somethinghatit is to bethatorganism
—somethingt is likefor theorganism.We maycall thisthesubjectie characteof experiencé. [43].
For anilluminating deconstructionf thelike-to-benessargumentfor ineffablequalia,se€33] (esp.
p.129,wherethecentralrole of psychophysicé thescienti ¢ studyof qualiais af rmed).




OUTSTANDING ISSUES

1. How shouldtheapparentnity of perceptuaéxperienceshapeourtheoriesof representation?
Theideathat phenomenalinity (and“binding”) requirescorvergenceof all the relevantin-
formationontoasingleneuron(a simplisticnotion: why shouldsingleneurongpossessran-
scendentalinifying powers?)hasbeennow abandoneih favor of ensembleesponsenodels
involving synchroly or phase-lockind44]. This, however, merely postponeghe needfor
corvergence;otherwise how is the synchroly to be detectedor, indeed,maintained)?n a
truly viable theory representationgiould have to remaindistributed, yet causallyeffective
(asnotedby Teller[45]).

2. Is a new phenomenologywhich would completelyesch& transcendentalisrn favor of
computationaprinciples,possibleds it alreadyhere?(cf. [33], p.129:“Thereis no needfor
anew disciplineof objective phenomenologyVe alreadyhave suchadiscipline. It is called
psychophysic®) Someof thecurrentattemptgo naturalizephenomenologj46] seento put
it ontoa cornvergencecoursewith cognitive scienceput muchmorework in thatdirectionis
needed.
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GLOSSARY

Binding problem. Any componentiatepresentatiowould seento beconfrontedwith theneed
to bind togetherthe componentsnto a uni ed whole, becauseur perceptionof objects,even of
structurenes appearso beunitaryandseamlessBindinghasbeenpromotediy vonderMalshurg
[47, 44] asa major problemin distributedinformationprocessing.ln a comprehensie discussion
of its mary aspectsTreisman[32] pointsout that “Objectsandlocationsappearto be separately
codedin ventral and dorsal pathways, respectiely, raisingwhat may be the most basicbinding
problem: linking “what' to "where'” A distributed representatioin which “what” and “where”
cuesarecodedjointly hasbeenproposedecentlyasa remedyfor suchconcerngit is now known
thatthe separatiorbetweerfwhat” and“where” informationin primatevisionis far from absolute;
seelegendto Figure3).

Meaning holism. This philosophicalstancepostulateshe interrelatednesef meaningawithin
the humancognitive system:“Our statement@boutthe externalworld facethe tribunal of sense
experiencenot individually but only asa corporatebody” [48], p.41. Whenappliedto sceneper
ception,it translatesnto theclaim thatthe meaningof virtually every portionof thevisual eld may
dependnthatof virtually every otherportion. For apessimistioziew of meaningholismasamajor
stumblingblock for cognitive sciencese€[49], p.28.

Minimum Description Length. A generainformation-theoretiprinciple [50], relatedto Oc-

cam's Razor thatcanbe usedto guideunsupervisedearningof cognitive representationsAccord-

ing to the MDL principle, the entitiesto be usedin describinga collectionof structureddata(e.qg.,
visualscenes$houldbechosersoasto minimizethejoint costof (1) representing setof primitives
and(2) representinghe datain termsof thoseprimitives. Thereareindicationsthathumansubjects
userelatedconsiderationn unsupervisedearningof structuredvisual stimuli [25, 2€6)].

Structural descriptions. On this theory of vision, an objectis representeds a collection of
genericparts(choserfrom a small setcommonto all objects),alongwith their spatialrelationships
[4, 51], much as utterancesare composeddf simpler genericbuilding blocks — phonemes.On
a closerinspection this analogyactually supportsmy scepticismaboutthe discrete mereological
(“calculus of parts”) view of cognitive representationée.g., becauseoarticulation[52] blurs the
boundarieshetweenphonemesitteredin successionyhich is the only way they ever appearin
normalspeech).
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Figure 1. On scenesandtheir descriptions. Left: A visual scene(Giorgiones 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 ones phenomenaéxperienceof the scene.Worse,even
decidinghow manyobjectsaretherein the image (somethingwe are conditionedto expect, say from a
computervision system)is a formulationthatis fraughtwith conceptuadif culties. Hereis how Elkins
([15], p.135)describeghe pitfalls inherentin viewing imagesasjigsav puzzles:“In ary versionof the
jigsaw-puzzlemetaphaora fundamentaproblemis decidingthe numberof piecesin the puzzle. Settis[the
authorof anin uential commentarypnthe Tempegtmalkesa pointof claimingthathis solutionis complete,
sinceit provides an explanationfor every elementof the painting. But it's opento questionhow mary
elementghereare,andwhatcountsasa piece. ... SinceSettis'book appearedn 1978therehave beenat
leasttwenty moreinterpretationsandseveral of themnamedifferentpuzzlepieces. Indeed expandingthe
annotatiorinto a full-blown narratve doesnot help: verbaldescriptionsarelikely to vary widely between
narratorswithout yet doing justiceto the picture they purportto describe. Is the subjectof the Tempest
the life of Adam and Eve outsidethe Gardenof Eden? the sucklingof Romulusby Acca Larentia? the
defenseof Paduaagainstthe Hapslurgs by the Venetiansgn 15097 Elkins (the sourceof this partial list
of interpretationg15]) endsup calling this painting“Giorgiones "meaninglessTempest Apparently art
historiansnd it asdif cult to agreeonthedescriptionof eventhemostinnocuoudandscap@aintingasthe
restof uson aJacksorPollock.
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Figure2: A screershotfrom oneof the Terminatormovies,shaving the outputof therobot's visualmodule,
presentedpresumablyto the homunculugn the internalcommandand control post. The annotationsare
a mixture of Englishand abbreiations madeto resemblecomputerassemblylanguage. The conceptof
representatiommplied by this pictureis deeplyproblematic. If the robot recognizeghe motorg/cle and
this recognitioncansetoff a chainof actions(in a mannersuggestedfor example,in Figure3, right) that
would resultin riding it, the annotationis super uous. If, on the otherhand,the robot's representatioof
the motorg/cle consistf the annotationtself, it is not clearhowv canthe actionof riding be guided:it is
the shapeof the saddle nottheword “saddle; thataffordsriding (in J. J. Gibsons sense).
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Figure3: Left: Thefunctionalprinciple behindthe multiple mapsapproactio scenerepresentationin this
illustration, two “where” dimensiongcorrespondingo the imagelocation),and two “what” dimensions
(similarity to bridge  andsimilarity to person ) areshavn. For animplementatiorof this approachre-
lying on the recentlydescribed'what+where”cells[53, 54] andthe MDL principle, see[23]. Right: The
distributed natureof this representatiors unsettlingto some asindicatedby this excerptfrom Teller [45]:
“If two or moreneuronsareto actjointly to determinea perceptuastate musttheir outputsnecessarilyon-
verge uponasuccessie neuronwhosestateuniquelydetermineshe perceptuastate?...] It is a ‘dilemma’
in the sensehatboth answersseemunacceptableRequiringsuchconvergencewould requirelots of neu-
ronswhoseonly job would beto registercombinationf activity amongotherneurons.But without such
corvergenceit is dif cult to seehow somejoint effectscouldbe produced. [45], p.1244.Similar concerns
motivate the developmentof modelsof binding thatrely on synchronouseuralactivity [44]. The neces-
sity of theseextra postulateshouldbe examinedin the light of distributed solutionsto the “joint effects”
dilemma,suchasthis “crossbar’associatiometwork [55, 56, 57], which offersameandor the constituents
of adistributedrepresentatiotp exercisejoint action,providedthatthedimensionalityof therepresentation
is manageabl§3], p.223.
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