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Abstract

In Mental Imagery: In Seach of a Theory Pylystyn revivesthe spectreof the “little greenman”, aguing for a
largely symbolicrepresentationf visualimagery To clarify this problem,we provide precisede nitions of the key
term “picture”, we presentsomeexamplesof our de nition, andwe outline an information-theoretianalysissug-
gestingthatthe problemof addressinglatain the brainrequiresa partially analoge andpartially symbolicsolution.
Thisis madeconcretdn theventralstreamof objectrecognitionfrom V1 to IT cortex.

1 What is a“pictur e"?

The coreproblemwith the “picture theory” is the lack of ade nition of thekey term*“picture”. A morecorrectterm
hasbeensuggetedearlier(Schwartz,1980— computational anatomy, the propertiesof locally regular featue mays.
The“little greenman” problemis clari ed by notingthat:

No known featuremapsareisometric. They do not presere metricinformation. They are“distorted” , but

Thelack of metricstructures irrelevantto their potentialsematic cortent. Thereis no“little greenman”to be
corfusedby the (distorted)norrisomeric mays of the brain. Thereare only neurosciatistslooking inwards—
and if they wishnotbeconfusel by whatthey see they have only to learnabou existing mathematicalaccaints
of thefeaturemapsof thebrain. Figurel andFigure2 aretwo examples. But theneuonsof thebrain,“looking”
atfeaturemapsfrom within, have no suchproblem!
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2 Neural computation: a de nition

De nition 1 (Neural computation) Neual comptation,aswith all computation,is basedon a correct(i.e., expedi-
ent) choice of data structure and algorithm. Neual featue mapscan be viewed as a form of data structure. Thae
is littl e to sayabou neural algorithmsat present—n onehasever obsened a non-trivial neutal networkin-vivo—tut
there are abundantexperimeial observatios of neutal datastructues.

De nition 2 (Computational anatomy) Patternsof topagraphicmappng andcolumnararchitecture are two promi-
nentformsof (spatial) datastructure in thebrain. Thekey requirrment is that neaby neuonsin alaminar sheetmust
havetrigger featuiesthat are neaby in somefeature space

Example 1 (Recepotopic mapsof V1, V2, V3, V4, MT, MST, LGN, S.Colliculus, S1,A1, etc.) For recefiotopy the
featue spacds R?, e.g,, theretinal surface thebodysurface or the codhlear surface SeeFigure 1 for an exampe of
huma V1,V2,andV3.

(@) (b) ©

Figure1: (a) "Retind” view of US Naval Acadamy, high resolution. (b) Model of V1-V2-V3 comple, prodiwced
asa singledipole mapfunction (?). Thedipole mapis a directgereralizationof the familiar log-polarmodé of V1
topogaphy(Schwartz, 199). V1 is the certral “ovoid” region, V2 is the rst surrounding‘ring” andV3 the outer
“ring” of cortex. (c) The USNA imageis mapped via the comgdex dipole mapto createanimagemodé of the V1-
V2-V3 complex. A facein awindow of the USNA (a), which is visible in the original high resolutionimage, is
clearly seen—repatedthreetimesin the foveal representationof V1, V2, andV3. The entirecampts of the USNA
is compressedyia the highly non-linea cortical magn cation factor, into the para-foveal and peripheal regions of
theimage. This gure represent®nly the topogaphicaspets, not the ocula dominarce, orientationmap or other
spatiallyrepresentediata. The resultmay look corfusing to a neuoscientistobserer, but we believe thatthe brain
haslittle probleminterpretingthis conplex spatialdatastructure.

Example 2 (Orientation columnsin V1, diredion columnsin MT) Thefeatue spaceis P* (V1)andS! (MT), ori-
entationanddirection,respectivly. Thetargetspacas V1(orMT), the“pinwheel” patternof orientation(a direction)
tuning Thepinwheel structuesresultfromthe singularitiesassociatedvith the differenttopolagical structure of the
featule spaceandthe cortical target (Sdwartzand Rojer 1991, Woodand Sdwartz,1999).
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Example 3 (Ocular dominance columnsin V1) Thefeatute spaceis a (double-shetd copy) of a visualhemi- eld
(R?). Thetargetmappng is interlacedvia a proto-colunm corstruction(see(Landauand Sdwartz,1994) to a locally
regular mapof thetwo half- elds, asshownin Figure 2.

(a)left visual eld (b) right visual eld (c) simulatedv1 “picture”

Figure2: Mappng a stereo-pair(a), (b) into a modé of V1 layer IV oculardominancecolumrs. The disparityis
represented@sa visual “echd’ or offsetof repeding imageelements.A nonlinear cepstral lter extractsthe stereo
disparityin theform of a subseqentspatiallymappel representatiolYeshururand Schwartz, 198) (seethe proto-
columnmodelof (LandauandSchwartz, 1994)).

Pylyshyn brie y mentionsthe existenceof topogaphicstructurein V1, but omits mentionof the (approximately)
30-40othervisualtopograic areasaswell astheothersensorynodalities.Furthermaee, heomitscolurmarstructure
entirelyfrom thisdiscussionThenec-cortex is largely organizedin termsof featuremapsandthatthesefeaturesmaps
arepotertially semantic.

3 Information Costof AddressingSymbols

Pylystyn's key unstatecassumptionss clea from his “null hypothesis”:...reasoningwvith mentd images involves the
sameform of represemation andthe sameprocessesasthat of reasoninggereral...

We agreethat reasoningabaut picturesmay well usethe sameprocessegsreasoningn geneal. The problem
hereis the unstated assumptiorthat “reasoring in gereral” is symbolic. But, do we really know that reasonings
itself not mediaed by spatio-tempotrarepresentdons, i.e., a “picture theory” of reasoning?There appearsto bean
implicit assumptionn partsof the cogritive sciencecomnunity thatcomputationis symbolicdly mediatel. We will
now presentanamgumentin supportof the ideathatanaomy asdatastructureis an unavoidalde consequene of the
high costof “addressing”symbolicdatain the brain.

Reently, Rieke et al. (19989 demorstratedthat the spike sequene of the H1 neuon of the y is a temporal
replicaof the sensorystimulus. Thereareonly two H1 neuonsin the y brain, for for ead side. They call thisidea
“yn culus”. This does not seemlike a good cardidatefor “symbolic” codng. The y usestimeto codetime, not
symbolsto code time. Time is free,andthe y is shorton neual space The sematic meaning of anH1 spike is, in
part,thetime thatit ocaurs.

The parallelis clear: attacling a spatiallabel to a spike in V1 is potentially expensive. Thereare abait 10°
resohalde spatiallocatiors in the human visual eld (see(RojerandSchwartz,1990) for derivation) — 17 bits. The

rev.tex 3 Rev: 1.16,Exp,February7, 2002



semantiacontent of aspike in V1 is probaly no morethan2-5 bits. The obvious solutionis to usephysical spaceto

codevisual space Progressindrom V1 to V2 ... andonto IT, the spatialpredsion bemmeslesserandthe semantic
contant of a spike becanesgreater It is expediert to pay the price for a symboliccode(i.e., axors, labeledlines,

“grandmothercells”). It seemghat onefeasiblesolutionfor spatialcoding of visual stimuli is a gradwal transition
from a largely (but not completdy) spatio-tempuoal code nea the periphery(i.e., V1, V2, ...) to alargely (but not

comgetely) symboliccodecertrally (..., V4, IT).

4 Summary

In our analysis, we have not addressedhe issueof “imagery”. It seemshvious thatthe realissueis visual repre-
sentationandthe rst areathatneed clari cation is the representatiof visual stimuli, not mentalre-creationsof
them.

Behavioral-level experimentsare impotert, in principle, to addresgjuestions of neual represetation. Purely
symbolicandpurelyandog “machines”caneasilymimic ead otherat the behaioral level.

If the brain is really the symbolicprocessorthat Pylyshynseemdo ervision, thenit certainly hasan inordinate
fondressfor “pictures”.
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