3 The natue of leaning and
the functional achitecture
of the bin

Chares R. Gallistel

Assumptions about the nature of learning and assumptionsabout the func-
tional architecture of the brain are intimately intertwined in contemporary
cognitive scienceand neuroscience There are two radically di! erent analytic
frameworks for thinking about learning; for each,there is a corresponding
functional architecture imputed to the brin.

On the brst analysis learning is the extraction from experienceof informa-
tion about the world, which is carried forward in memory to inform future
behavior. On the secondanalysis learning is the remolding of a plastic brain
by experiencesoasto makethe brain better adaptedto the experiencedworld.

On the brst analysis the brain hasthe functional architecture of a Turing
machine(Turing, 1936,seeFigure 3.1A), that is, of an information-processing
device such as a conventional computer. The fundamental components
of this architecture are a read/write memory (representedby the tape in
Figure 3.1A) and compositional operators (representedby the addition
register in Figure 3.1A).

The memory containsinformation about the world in the form of symbols
In a conventional computer, theseare bit patterns, strings of 1sand 0s They
representfacts about the world, suchasthe width of a brick wall. Symbols
representingfacts about the world are the data on which a data-processing
device like a computer operates The essentialfunction of the memory is the
carrying of information forward in time. It isthe repositorywhereinformation
resides vaen it is not in use

Compositional operators composenew data structuresor expand old data
structures by operating on data read from memory. Data structuresare sets
of relaed symbols storedin memoryin suchaway asto encodethe reldions
that obtain betweenthem. An examplewould be a pair of symbols represent-
ing the width and height of a wall. The pair is stored in sucha way asto
indicate which symbol representghe width, which the height, and which wall
it is whose width and height they epresent.

Composition meansputting together It is the essencef data processing.
Multipl ying two numerical symbolsBfor example the symbolsrepresenting
the width and height of the wall to obtain a symbol representingthe areaof
the wall Bis an example of a compositional operation. It puts togethertwo
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Figure 3.1 A. The functional architecture of an information-processingsystem.
The Tape is the read/write memory element with which Turing
endowed his abstraction of the essential elementsof a universal
computing machine The arithmetic summadion is an example of the
symbol-combining (compositional) operations that constitute the
other essentialelement.B. The functional architecture of recurrent
switching net.

input symbolsto geneate a third symbol, their product. Whenthis symbolis
written into the right placein memorybtaking its placeamongthe other wall-
related symbolsbthe data structurerepresentingthe wall is thereby expanded.

There is no memory in the conventional computer-sciencesenseon the
secondanalysis the analysis inspired by current ideas about the structure
and function of the nervous system.On this secondanalysis the brain has
the functional architecture of a recurrent switching network (Rumelhart &
McClelland, 1986, seeFigure 3.1B). The fundamental componentsof this
architecture are nodes (pseudo-neuons) with variable activity levels The
nodes are connectedto each other by graded and signed conductances
which detemine the Bow of activity between nodes Critical components
of this internodal connectvity arerecurrent pathways which conduct activity
from a node back to itself. Without them there is no sustainedactivity in
the network becauseas Sherrington said of the nervous system:(the func-
tion of a switching network] can be summedup in one word, conductior©®
(Sherrington, 1947).

What comes natually

The two functional architecturesdi! er strikingly in what they makeit natural
(easy straightforward) for a brain to do. On the brst analysis what comes
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naturally is the composing of data structures: copying them, concaenating

them, multipl ying, dividing, adding, subtracting them, and so on, to creae

new data structuresand new valuesfor old ones On this analysis the brain

representsthe world by composing data structures that refer to selected
aspects of it.

On the secondanalysis what comesnaturally is classbcation. A recurrent
switching network settlesinto di! erent stable patterns of activity (attr actor
staes) depending on which input it gets The number of distinct stable
attr actor states is, however, much lessthan the number of distinct inputs.
Thus, many di! erent inputs causethe systemto settleinto any given steble
attr actor state. This seemsanalogousto a caegory andits instancesinstances
(inputs) di! er but they activate the samecategory (attr actor state). The rela
tion betweeninputs and the attr actor statesthey activate is detemmined by
the conductancesin the switching network. The conductancesare functions
of a learning rule of somekind applied to the animal® experience The con-
ductance betweena signal-sendingnode and a signal-receving node deter-
mines the magnitude (and sign) of the e! ect that a signal from the sending
node has on receving node Thus, what it is easyor natural for a recurrent
switching network to do is to learn to categorize states of the world. A
recurrent network represents the wrld by categorizing it.

The two frameworks also di! er in their assumptions about how the
brain@activity becomesmanifestin behavior. On the brst analysis behavior-
genegting programsget control and decisionvariablesfrom the information
processingsystem. They compare them to action-specbc decision criteria
(thresholds) to decide on actions which are then parameterizd by the
control variables The distinction betweenthe information-processingcom-
ponent, which extracts information about the world from input, and the
action-geneating system,which makesuse of the information, is geneally
readily apparent in this kind of architecture On the secondanalysis the
distinction betweenthesetwo rolesis lessclear. Often, the activity pattern on
the output sideof the network is taken, at leastimplicitl y, to specifyan action
appropriate to the spedped cdegory.

Courts of last appeal

Partisansof the di! erent frameworks di! erin their courts of last appeal. For
partisansof the brst analysis the court of last appealis behavior: they argue
asl will argue that the behavioral factsimply aninformation-processingarchi-
tecture Thereis no way to explain the behavioral facts exceptby assuminga
read/write memory and the composition of data structures both of which
functionalities are absentin the secondkind of architecture Therefore we
must assumethe existenceof mechanismsn the nervous systemthat perform
thesefunctions, despitethe fact that what wecurrently know about the nervous
systemdoesnot support suchan assumption.On this analysis what we know
about behavior is a guide to what we must look for in the nervous system.
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For partisansof the secondanalysis the court of last appealis the nervous
system.It manifestly has they argue the architecture they assumein model-
ing behavior. Open any textbook on the nervous systemand what you bnd
in the description of the systen® obsenable structure and in the records of
its electrical activity is the functional structure portrayed in Figure 3.1B.
Nowhere do you bnd a description of a mechanismwith the propertiesof a
read/write memory. You bnd, it is true, descriptions of localized activity in
anatomical spacesthat map real-world spaces For example the location
of activity in the deeplayers of the superior colliculus (a two-dimensional
anatomical space)maps the location of distal saccadetargetsin a two-
dimensional directional spacecenteied on the optic axis of the eye (Sparks
& Groh, 1995).Theselocalized activities look like candidate data structures;
they look like vectorsin the nervous systemthat refer to and may therefore
representvector variablesin the world outside the brain. If, however, that is
the appropriate interpretaion of them, then something crucial is missing,
namely a description of the mechanismsor processeshat composethesedata
structuresto creae new data structures How are they added, subtracted,
multiplied, copied, concdenated, subordinated, and so on? If the nervous
systemis a systemfor composingdata structures what are its built-in com-
positional operations?On this question, the texts are also silent. Partisans of
the secondanalysis take thesesilencesas evidenceof absencewhat has not
been described presumaly does not exist and should not be assumedin
making models meant to gplain behavior.

The behaioral case

Many simple and robust behavioral phenomenaseeminexplicable B or very
awkwardly explicable P in the absenceof a read/write memory and the
composition of data structures | brieRBy review three of them.

Dead reckoning

Experiment hasshown that animals keeptrack of their position and heading
relative to their nestand other points of interestin the world by integrating
their velocity with respectto time, or, equivalently, by summing successie
small displacementvectors to get the net displacementvector (Alyan &
Jander, 1994;Alyan & McNaughton, 1999;Durier & Rivault, 1999;Etienne
et al., 1991; Georgakopoulos & Etienne 1994; Mittelstaedt & Mittelstaedt,
1980; Save et al., 1998; Schaz et al., 1999; SZguinot et al., 1993; Wehner
& Wehner 1986; Whlgenuth et al., 2001).

Dead reclkoning is dead easyin a device with the architecture shown in
Figure 3.1A. A displacementvector is a simple data structure consisting of
two symbolsthat together specify a small changein position, for example
<0.9, 0.4>. The brst of the two symbolsrepresentsthe distancethe animal
hasjust movedin one of two perpendiculardirections(eg., north); the other
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representsthe distanceit has just moved in the other direction (eg., east).
Each small movement(changein position) genegtes a displacementvector.
The running sum of thesevectors Bthe sum of all the symbolsin the brst
position togetherwith the sum of all the symbolsin the secondposition Bis
the net displacementwhich representavherethe animal is relaiveto whereit
started. (This running sum is often called the homeector.)

To implement deadrecloning in a systemwith the architecture of Figure
3.1Bis awkward (Samsonwich & McNaughton, 1997).As Sanuel Johnson
said of a dog walking on its hind legs Qt is not done well, but you are
surprised tha it is done & all.&

The dance of the foraging bee

The foraging beereturning from arich food sourcedoesa dancethat spechbes
the direction and distanceof the source (Frisch, 1967). The danceis in the
form of a bgure 8, with the @vagglelrun constituting the common portion
of the two loops. The angleof the wagglerun with respectto vertical specbes
the solar bearing of the source (its direction reldive to the sun) and the
number of waggles spedies the distance

Thereare no implementaional mysterieshere, if we grant the bee@nervous
systemthe functional architecture in Figure 3.1A. When the beeis at the
source its dead-reckoning vector specbesthe source@ location relativeto the
hive (a vector structure). As the beeingeststhe nectarpreparatory to carrying
it back to the hive it getsa sensoryinput specifyingits richness(a scalar
structure). It writes the location vector and the richnessscalarto memory
When it reachesthe hive the danceprogram retrievesthesedata structures
(readsthe memory). It usesthe scalarthat representsthe richnessas a deci-
sionvariable; only if its value exceedsa threshold(decisioncriterion) doesthe
beedance If it doesdance the remembeed location vector at the source
parameterizzsthe behavior. Its anglespecbesthe direction of the wagglerun,
while its magnitude spedpes the mimber of waggles

How to implement this within the architecture in Figure 3.1B is another
matter. Supposewe grant, as assumedin Samsonwich and McNaughton
(1997),that several interconnectednetswith purpose-spedpc structuresgive
rise to activity patterns whose locations within the nets specify the beed
location when it is at the source Now what? The net has no read/write
memory, no way of preservingfor futur e usethe information about the world
expressedn its current activity. If we shuto! input to thesenetsto maintain
the current activity patterns for future use how doesthe bee bnd its way
home?The activity patterns in thesenets representwhere the beeis at the
moment in relaion to the hive That information is presumdly crucial for
the moment-to-moment control of the homeward Right, although how this
control is @ ected is not spec¢ied in the model.

What neural netshave trouble accommodaing is the fact that the informa-
tion that informs behavior is not deliveredto the brain all at once nor at the
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time it is neededto inform behavior; it arrivespiecemealover time and often
long beforeit is needed.This elementarytruth about the character of experi-
enceis why the brain needsa read/write memory. Without it, thereis no way
to make the information gainedfrom current experienceaccessite to future
computation and behavioral control. Put another way, there is no way to
composethe activity patterns in the output nodes of the architecture in
Figure 3.1B and that is a desastaing shortcoming.

Temporal learning in conditioning experiments

In training phasesof Pavlovian conditioning experiments stimuli called con-
ditioned stimuli (CSsfor short), which are initiall y motivationally neutral
(eg., noisesand lights), and unconditioned stimuli (USsfor short), which are
behaviorally motivating (eg., foot shock), are repededly presentedin one
or more temporal reldions to one another. After the training phases the
subjec reaction to the peviously neutral stimuli is measued on test trials

The temporal relations among the CSs and the US during the training
phasesdetemine the motivational valenceof the subjec(d responseto the
CSson the test trials. If, for example a light regulaly followed foot shock
during one phaseof training, the subjecfd reactionto the light on testtrials
involves the inhibition of the fear aroused by the anticipation of shock.
This is usually explained by assumingthat the conditioning experiencehas
creaed aninhibitory connection(negdively signedconductance)betweenthe
node(s) activated by the light and the nodeswhose activity constitutesthe
fear state, although what the learning rule is that creaesa forward conduct-
ance (from the light node to the fear node) in responseto the backward
temporal pairing of the node-activating inputs (shock brst, then noise) is
not clear.

If in eadier phaseof the training, the light was regulady precededby a
noise and if the interval from noiseto light in this phasewaslonger than the
interval from shockto light in the latter phaseof training, then when tested
with the noise the subjectreactsfearfully to it (Barnetetal., 1997;Barnet &
Miller, 1996seeFigure 3.2). This is harder to understandfrom the perspectie
of conductancechangeswithin a switching network. The activity conducted
from the node activated by light to the node whoseactivity constitutesfear is
negdively signed.Activity in the light node reducesactivity in the fear node
Becausehe excitation of the noisenode regulaly precededhe activation of
the light node during the phaseof training whenthey were paired, the sign of
the conductance between them is presumdly positive, which means that
activity in the noisenode increasesctivity in the light node If activity in the
noise node increasesactivity in the light node and activity in the light node
decreasesctivity in the fear node, why doesactivating the noise node excite
the fear node? It ought to inhibit it.

This latter result is much easierto understand if the brain has a com-
positional architecture with a read/write memory. From this perspectie the
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Figure 3.2 Simplibed schemdic of a Pavlovian conditioning experiment by Barnet
and Miller (1996).During the brst phaseof training, the light (tint) fol-
lowed the noise (dots) by 5 s During the secondphaseof training, shock
precededthe light by 1 s When the two CSs(noiseand light) were tested
individually, following the secondphaseof training the light suppressed
fear. The noise which waspaired only with the light during training, never
with the shock, nonetheleslicited fear. The expectedinterval betweenthe
onset of noise and the onsetof shock is 4 s on the assumptionthat the
brain can composethe remembeed valuesof the noisellight interval (5 s)
and the shoclglight interval (-1 s).

training phasewith the noise followed by the light creaed a data structure
with threebelds:one containeda vector specifyingthe propertiesof the noise
one a vector specifyingthe properties of the light, and one a scalar (single
quantity) specifyingthe temporal interval betweentheir onsets We may rep-
resentthis data structure asfollows: {<noise>, interval, <light>}. The train-
ing phasewith the shock followed by the noise creaed a secondsuch data
structure: {<shock>, interval, <light>}. The brain composedthe two struc-
turesto genegte a third such structure: {<noise>, interval, <shock>}. The
scalar in the middle Peld of this third structure is the brst interval minus
the secondinterval. It representshe expectedinterval to shock onsetfollow-
ing noise onset. This computed temporal expectaion explains the subjec®
fearful reaction to the noise

Here again, the compositional character of brain activity is evident in the
behavior it geneates All of theseexamplesare simple and they are but a
small sampling of the many well-estalished resultsfrom behavioral experi-
mentsthat are unintelligible unlessone assumesa read/write memory and a
set of compositional operators (Gallistel, 1990; Gallistel & Gibbon, 2000,
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2002).If behavior is the last court of appeal, then there are mechanismsin
the nenous system not gt dreamed of in the philosoply of neuroscientists

This is not the brst time this state of a! airs has arisenin the history of
transdiscipline scientipc reductionism. Lord Kelvin famously explained to
Darwin that the enormous age for the earth implied by his theory of evolu-
tion was not consistentwith what physicists knew about the concevable
duration of hea-genetion processef abody the size of the sun(Burchbpeld,
1990).Kelvin did not know what he did not know. In this case what he did
not know was radioactivity. Its discovery came mang years lder.

Before Watson and Crick @ (1953)epoch-makingdeduction of the molecu-
lar structure of the gene many biochemistsdoubted that there were genes
(Judson, 1980).The geneticist€&conceptof a genewasbiochemically unintel-
ligible. The gene had two properties for which no plausible biochemical
mechanismcould be suggestedIlt wasa (putatively) molecular structure that
could somehav make a copy of itself. Second,it could somehav detemmine
the sequenceof the amino acidsin the synthesisof an enzyme Again, the
doubtersdid not know what they did not know. Whenthe revelaion came it
creaed a new discipline, molecular biology, built on conceptsforeignto the
biochemistry tha preceded this disceery.

These two examples urge caution on those who would disregad the
seemingy clear neupscientibc implications of the behaioral data.

Note
1 Boswell, J (1763).Life of bhnson 1 V4. ii. Chap ix.
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