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Abstract

In Mental Imagery: In Search of a Theory, Pylyshyn revivesthespectreof the “little greenman”, arguing for a

largely symbolicrepresentationof visual imagery. To clarify this problem,we provide precisede�nitions of thekey

term “picture”, we presentsomeexamplesof our de�nition, andwe outline an information-theoreticanalysissug-

gestingthattheproblemof addressingdatain thebrainrequiresa partially analogue andpartially symbolicsolution.

This is madeconcretein theventralstreamof objectrecognition,from V1 to IT cortex.

1 What is a “pictur e”?

Thecoreproblemwith the“picture theory” is thelack of a de�nition of thekey term“picture”. A morecorrectterm

hasbeensuggestedearlier(Schwartz,1980)– computational anatomy, thepropertiesof locally regular featuremaps.

The“little greenman” problemis clari�ed by notingthat:

� No known featuremapsareisometric.They do notpreserve metricinformation.They are“distorted” , but

� Thelackof metricstructureis irrelevantto theirpotentialsemantic content.Thereis no “little greenman” to be

confusedby the (distorted)non-isometric maps of the brain. Thereareonly neuroscientistslooking inwards–

and, if they wishnotbeconfused by whatthey see,they haveonly to learnabout existingmathematicalaccounts

of thefeaturemapsof thebrain.Figure1 andFigure2 aretwo examples.But theneuronsof thebrain,“looking”

at featuremapsfrom within, have no suchproblem!
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2 Neural computation: a de�nition

De�n ition 1 (Neural computation) Neural computation,aswith all computation,is basedon a correct(i.e., expedi-

ent) choice of datastructureandalgorithm. Neural feature mapscanbeviewed asa form of datastructure. There

is littl e to sayabout neural algorithmsat present–no onehasever observeda non-trivial neural networkin-vivo–but

there areabundantexperimental observationsof neural datastructures.

De�n ition 2 (Computational anatomy) Patternsof topographicmapping andcolumnararchitectureare twopromi-

nentformsof (spatial)datastructure in thebrain. Thekey requirement is thatnearby neuronsin a laminarsheetmust

havetrigger featuresthatarenearby in somefeature space.

Example 1 (Receptotopic mapsof V1, V2, V3, V4, MT, MST, LGN, S.Colliculus, S1,A1, etc.) For receptotopy, the

featurespaceis R2, e.g., theretinal surface, thebodysurface, or thecochlear surface. SeeFigure1 for anexample of

human V1,V2,andV3.

(a) (b) (c)

Figure1: (a) ”Retinal” view of US Naval Academy, high resolution. (b) Model of V1-V2-V3 complex, produced

asa singledipolemapfunction (?). Thedipolemapis a directgeneralizationof the familiar log-polarmodel of V1

topography(Schwartz,1994). V1 is the central “ovoid” region, V2 is the �rst surrounding“ring” andV3 the outer

“ring” of cortex. (c) TheUSNA imageis mappedvia thecomplex dipolemapto createan imagemodel of theV1-

V2-V3 complex. A facein a window of the USNA (a), which is visible in the original high resolutionimage,is

clearlyseen–repeatedthreetimesin the foveal representations of V1, V2, andV3. Theentirecampus of theUSNA

is compressed,via the highly non-linear cortical magni�cation factor, into the para-foveal andperipheral regionsof

the image. This �gu re representsonly the topographicaspects, not the ocular dominance, orientationmapor other

spatiallyrepresenteddata. The resultmay look confusing to a neuroscientistobserver, but we believe that thebrain

haslittle probleminterpretingthiscomplex spatialdatastructure.

Example 2 (Orientation columns in V1, dir ection columns in MT) Thefeaturespaceis P1 (V1)andS1 (MT), ori-

entationanddirection,respectively. Thetargetspaceis V1(orMT), the“pinwheel” patternof orientation(or direction)

tuning. Thepinwheel structuresresultfromthesingularitiesassociatedwith thedifferent topological structure of the

feature spaceandthecortical target (SchwartzandRojer, 1991; WoodandSchwartz,1999).
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Example 3 (Ocular dominancecolumns in V1) Thefeature spaceis a (double-sheetedcopy) of a visualhemi-�eld

(R2). Thetargetmapping is interlacedvia a proto-column construction(see(LandauandSchwartz,1994)) to a locally

regular mapof thetwo half-�elds, asshownin Figure 2.

(a) left visual�eld (b) right visual�eld (c) simulatedV1 “picture”

Figure2: Mapping a stereo-pair(a), (b) into a model of V1 layer IV oculardominancecolumns. The disparity is

representedasa visual “echo” or offset of repeating imageelements.A non-linear cepstral�lter extractsthe stereo

disparityin theform of a subsequentspatiallymapped representation(YeshurunandSchwartz,1989) (seetheproto-

columnmodelof (LandauandSchwartz, 1994)).

Pylyshyn brie�y mentionstheexistenceof topographicstructurein V1, but omitsmentionof the(approximately)

30-40othervisualtopographic areas,aswell astheothersensorymodalities.Furthermore,heomitscolumnarstructure

entirelyfrom thisdiscussion.Theneo-cortex is largelyorganizedin termsof featuremapsandthatthesefeaturesmaps

arepotentially semantic.

3 Inf ormation Costof Addr essingSymbols

Pylyshyn'skey unstatedassumptionsis clear from his “null hypothesis”:...reasoningwith mental images involves the

sameformof representationandthesameprocessesasthatof reasoninggeneral...

We agreethat reasoningabout picturesmay well usethe sameprocessesasreasoningin general. The problem

hereis the unstated assumptionthat “reasoning in general” is symbolic. But, do we really know that reasoningis

itself not mediatedby spatio-temporal representations, i.e., a “picture theory” of reasoning?There appearsto be an

implicit assumptionin partsof thecognitive sciencecommunity thatcomputationis symbolically mediated. We will

now presentanargument in supportof the ideathatanatomy asdatastructureis anunavoidable consequenceof the

high costof “addressing”symbolicdatain thebrain.

Recently, Rieke et al. (1998) demonstratedthat the spike sequence of the H1 neuron of the �y is a temporal

replicaof thesensorystimulus.Thereareonly two H1 neuronsin the�y brain,for for each side. They call this idea

“�yn culus”. This does not seemlike a goodcandidatefor “symbolic” coding. The �y usestime to codetime, not

symbolsto code time. Time is free,andthe�y is shorton neural space. Thesemantic meaning of anH1 spike is, in

part,thetime thatit occurs.

The parallel is clear: attaching a spatial label to a spike in V1 is potentially expensive. Thereare about 105

resolvable spatiallocations in thehuman visual �eld (see(RojerandSchwartz,1990) for derivation) – 17 bits. The
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semanticcontent of a spike in V1 is probably no morethan2-5 bits. Theobvioussolutionis to usephysicalspaceto

codevisualspace. Progressingfrom V1 to V2 ... andon to IT, thespatialprecision becomeslesserandthesemantic

content of a spike becomesgreater. It is expedient to pay the price for a symboliccode(i.e., axons, labeledlines,

“grandmothercells”). It seemsthat onefeasiblesolutionfor spatialcodingof visual stimuli is a gradual transition

from a largely (but not completely) spatio-temporal code near the periphery(i.e., V1, V2, ...) to a largely (but not

completely) symboliccodecentrally (...,V4, IT).

4 Summary

In our analysis, we have not addressedthe issueof “imagery”. It seemsobvious that the real issue is visual repre-

sentation,andthe �rst areathat needs clari�cation is the representationof visual stimuli, not mentalre-creationsof

them.

Behavioral-level experimentsare impotent, in principle, to addressquestionsof neural representation. Purely

symbolicandpurelyanalog “machines”caneasilymimic each otherat thebehavioral level.

If the brain is really the symbolicprocessorthat Pylyshynseemsto envision, thenit certainly hasan inordinate

fondnessfor “pictures”.
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