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Pages proposato stipulaterepresentationis whichindividual unitscorrespondo meaningful
entitiesis too unconstrainedo supporteffective theorizing. An approachcombininggeneral
computationaprincipleswith domain-specifiassumptionsin which learningis usedto dis-
cover representationthatareeffective in solvingtasks providesmoreinsightinto why cogni-
tive andneuralsystemsareorganizedheway they are.

Pagesetsup a fundamentaktontrasthetweenocalist
versudistributedapproacheto connectionistnodeling.
To usthereappeato be severaldimensiongo theactual
contrasthe hasin mind. Perhapshe mostfundamental
distinctionis whetherit is stipulatedn advancethatrep-
resentationalinits be assignedo “meaningful entities”
or whether aswe believe, it is betterto discover useful
representationis responsé¢o taskconstraints\We agree
with Pagethatlocalist connectionismodelshave made
important contributions to our understandingpf mary
differentcognitive phenomenaHowever, we think the
choiceof representationsedin the brainreflectsthe op-
erationof a setof generabprinciplesin conjunctionwith
domaincharacteristics |t is a programof scientificre-
searchto discover whatthe principlesanddomainchar
acteristicaareandhow they giveriseto differenttypesof
representationsAs a startingplacein the discovery of
therelevantprinciples,we have suggeste@McClelland,
1993;Plaut,McClelland,Seidenbay, & Patterson1996)
that the principlesinclude the following: that the acti-
vationsand connectionweightsthat supportrepresenta-
tion and processingare gradedin nature;that process-
ing is intrinsically gradual, stochastic,and interactve;
andthatmechanismsnderlyingprocessingdapto task
constraints.

Constraint VersusFlexibility. Pages suggestiorthat
we stipulatethe useof representationi& whichthe units
correspondo meaningfulentitieswould appearon the
faceof it to be constrainingput in practiceit appearso
confertoomuchflexibility . Indeed throughoutistarget
article, Pageapplaudshe power andflexibility of local-
ist modeling,often contrastingt with modelsin which
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representationare discoseredin responseo task con-
straints.A particularlytelling exampleis histreatmenbf
age-of-acquisitioeffects(which heconsidergo be“po-
tentially difficult to modelin connectionisterms”, draft
p. 30). Pagedescribesa localist system,incorporating
threenew assumptionghatwould be expectedo exhibit
sucheffects.However, it would have beeneveneasieffor
Pageto formulatea modelthat would not exhibit such
effects—alocalistmodelwithoutthe additionalassump-
tionsmightsuffice. A critical role of theoryis to account
not only for what doesoccurbut alsofor what doesnt
(seeRoberts& Pashler in press);the localist modeling
framework providesno leveragein this respect.In con-
trast,thedistributedconnectionistnodel,which is more
constrainedn thisregard,is potentiallyfalsifiableby ev-
idenceof the presencer absencef age-of-acquisition
effects. In fact, Pagehasit exactly backwardsaboutthe
relationshipbetweersucheffectsandconnectionistod-
els that discover representationsia back-propagation.
Ellis andLambon-Ralpl{personatommunicationpave
pointedoutthatageof acquisitioneffectsareactuallyin-
trinsic to suchmodels,andtheir characteristicprovide
onepotentialexplanationfor theseeffects.

Pageis exactly right to point out that “it sometimes
provesdifficult to manipulatedistributedrepresentations
in the sameway asonecanmanipulatdocalistrepresen-
tations” (draft p. 50). In otherwords,thelearningproce-
durediscorersthe representationsubjectto the princi-
plesgoverningthe operationof the network andthetask
constraints,and the modeleris not free to manipulate
themindependently Far from being problematic,how-
ever, we considerthis characteristicof distributed sys-
temsto becritical to their usefulnesén providing insight
into cognitionandbehaior. By examiningtheadequag
of a systemthat appliesa putative set of principlesto
amodelthataddresseperformancesf a particulartask,
we canevaluatewhentheprinciplesaresufficient. When
they fail, we gain the opportunityto explore how they
may needto be adjustedr extended.

Theseconsiderationarerelevantto Pagesanalysiof
the complementarytearning systemhypothesisof Mc-
Clelland, McNaughton,and O’Reilly (1995). These
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authwrs made the obsenation that connectionistnet-
works trainedwith back-propagationr otherstructure-
sensitvelearningprocedures)discoverusefulrepresen-
tationsthroughgradual,interleaved learningand b) ex-
hibit catastrophiénterferencavhentrainedsequentially
(McCloskey & Cohen,1989). Basedon theseobsena-
tions, andon the fact that the gradualdiscovery of use-
ful representationkeadsto a progressie differentiation
of conceptuaknowledge characteristioof humancog-
nitive development,McClellandet al. (1995) suggested
thattheneocort& embodiegheindicatedcharacteristics
of theselearning procedures. One implication of this
would bethatrapidacquisitionof arbitrarynew informa-
tion would necessarilype problematidor suchasystem,
andthat a solutionto this problemwould be provided
if the brainalsoexploited a secondcomplementarap-
proachto learning,emplgying sparseconjunctve repre-
sentationsthat could acquirenew arbitraryinformation
quickly. Theargumentwasthatthe strengthsandlimita-
tions of structure-sensite learningexplainedwhythere
aretwo complementaryearningsystemsn hippocam-
pusandneocorts.

In contrastPagegoesto somelengthto illustratehow
a localist approachto learningcould completelyavoid
the problem of catastrophidnterferencethat arisesin

connectionistnetworks trained with back-propagation.

Indeed,on his approachthe hippocampabkystemis re-

dundantwith the neocorta asthereis no needfor corti-

cal learningto be slov. Thus,within thelocalistframe-
work, the existenceof complementaryearningsystems
in the hippocampusndneocorts is completelyunnec-
essaryandhenceaheexistenceof suchadivisionof labor

in thebrainis left unexplained.

Learning RepresentationsVersusBuilding Them By

Hand. A commonapproachn the early daysof con-
nectionistmodelingwasto wire up a network by hand,
and under these circumstanceghere seemedto be a

strongtendeny amongresearcherso specify individ-

ualunitsthatcorrespondo meaningfulentities(seeg.g.,
Dell, 1986;McClelland& Rumelhart,1981). However,

learningis a centralaspectof mary cognitve phenom-
ena,soit is essentiathata modelingframework provide

a naturalmeansfor acquiringand updatingknowledge.
Onceoneturnsto the possibilitythatthe knovledgeem-
bodiedin a connectionisnhetwork might be learned(or

even discoveredby naturalselection),oneimmediately
hasthe chanceto revisit the questionof whetherthein-

dividual unitsin a network shouldbe expectedo corre-
spondto meaningfulentities. It is not obviousthat cor-

respondence meaningfulentitiesper se(or the corve-

nienceof this correspondenci®r modelersonfersary

adaptve advantage.

To his credit, Pageacknavledgeshe centralrole that
learningmustplay in cognitive modeling,andpresentsa
modifiedversionof the ART/competitivelearningframe-
work (Grossbeg, 1976; Carpenter& Grossbey, 1987;
Rumelhart& Zipser 1985) as a proposalfor learning

localist representations.However, thereare a number
of difficulties with this proposal,all of which point to
reasondor continuingto pursueotheralternaties. We
considetthreesuchdifficultieshere.

1. On closeexamination mostof the positive aspects
of the proposalderive from propertiesof the assumed
distributed representationthat are input to the localist
learningmechanism.For example,Pagepointsout that
localist modelspermit graded,similarity-basedactiva-
tion. It is crucial to note, however, that the patternof
similarity-basedactivation that resultsdependsentirely
on the similarity structureof the representationgrovid-
ing inputto thelocalistunits. Unfortunately nowherein
Pages articledoesheindicatehow his localistapproach
could solve the problemof discoveringsuchrepresenta-
tions.

In contrast,a key reasonfor the popularity of back-
propagationis that it is effective at discovering inter-
nal, distributedrepresentationthat capturethe underly-
ing structureof a domain. For example,Hinton (1986)
shaved that a network could discover kinship relation-
shipswithin two analogougamilies,evenin theabsence
of similarity structurein the input representation$or
individuals. Although someruns of the network pro-
duce internal representationsvith “meaningful” units
(e.g.,nationality generationgendey branch-of-aimily),
the moregeneralsituationis onein which the meaning-
ful featuresof the domainare capturedby the princi-
pal component®f the learnedrepresentationéMcClel-
land,1994;seealsoAndersonSilversteinRitz, & Jones,
1977;Elman,1991).

2. Page notesthat localist models are capableof
considerablegeneralization.This againarisesfrom the
similarity-basedictivationdueto thedistributedpatterns
of activationthatareinput to the localistunits. We sug-
gestthatonereasorocalist-stylemodels(e.g.,the gen-
eralizedcontext model, Nosofsky, 1986, or ALCOVE,
Kruschle, 1992) have proven successfulin modeling
learningin experimentaktudieds because¢hey applyto
learningthat occurswithin the brief time frameof most
psychologyexperiments(1 hour up to at mostabout20
hoursspreadover a couple of weeks). Within this re-
strictedtime frame, we expectrelatively little changean
therelevantdimension®of therepresentatiorsothegen-
eralizationabilitiesof modelsthatlearnby adaptingonly
therelative salienceof existing dimensionsnay be suffi-
cient.

What seemsmore challengingfor such approaches
is to addresshangesn the underlyingrepresentational
dimensionsthemseles. Such shifts can occur in our
task-drivenapproachhroughthe progressie,incremen-
tal processby which learningassigngepresentationms
responseo exposureto examplesembodyingdomain
knowledge(McClelland,1994). On our view, the estab-
lishmentof appropriateepresentationis a developmen-
tal procesghattakesplaceoverextendederiodsof time
(monthsor years),allowing modelsthat develop such
representationso accountfor developmentalchanges
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suchasprogressie differentiationof conceptuaknowl-
edge(Keil, 1979)anddevelopmentakhiftsin the basis
of catgyorizationof living things from superficialto a
metabolic/reproducte basis(Johnsor& Carey, 1998).

3. Within the above limitations, Pages proposedo-
calist learning proceduresoundslike it might work on
paper but it is telling that he discussesn detail how
the learningprocesamight proceedonly for the casein
which every presentatiorof anitem in a psychological
experimentresultsin a separatdocalist representation.
This form of localism—theideathat every experience

is assignedh separateunit in the representation—seems

highly implausibleto us. It is difficult to imaginea sep-
arateunit for every encountemwith every objector writ-
ten or spolen word every momentof every day Such
instance-basedpproache$ave led to someinteresting
accountf psychologicablata(by Loganandothers,as
Pagereviews),but in ourview it is bestto treatthis form
of localistmodelingasaninterestingandusefulabstrac-
tion of anunderlyinglydistributed,superpositionaform
of representationMore specifically we agreethereis a
tracelayeddown in thebrainresultingfrom eachexperi-
enceandthatlocalistmodelscanapproximaténow these
tracesinfluenceprocessing.We believe, however, that
thetracesareactuallytheadjustmentso theconnections
in a distributed connectionistsystemratherthan stored
instances. McClelland and Rumelhart(1985), for ex-
ample,shavedhow a simplesuperpositionasystemcan
capturesereral patternsof datapreviously takenassup-
portinginstance-baseitheoriesandCohenDunbarand
McClelland (1990) demonstratedhat distributed con-
nectionisimodelgtrainedwith back-propagationancap-
ture the power law of practicejust asLogan’s instance
modelsdo.

It seemssomeavhatmoreplausibleto usthatmultiple
occurrence®f a meaningfulcognitive entity suchasa
letteror word mightbemappedntothesameunit. How-
ever, the ability of modelsthatexploit the kind of proce-
dure Page proposedo actually producesuchrepresen-
tationsis unclear In our experienceto obtainsatishc-
tory resultswith suchmodelsit is necessaryo tunethe
“vigilance” parametewrery carefully andoftenin ways
thatdependstronglyon specificsof thetraining set. But
thereis a deeperproblem. Whenever thereis ary toler-
anceof variationamonginstancef a particularitem,
oneimmediatelyrunsinto the fact that the modeleris
forcedto decidejust what the acceptabléevel of mis-
matchshouldbe. If, for example,a readerencounters
misspellingof the word ANTARTICA [Note to typeset-
ter: leave this word misspelledwithout inserting“sic”],
shouldwe necessarilymaginethatthe cognitive system
must createa separateunit for it? Or if, in a certain
Wendy’s restaurantthe saladbaris notimmediatelyop-
positetheorderinggueue shouldwe createanew subcat-
egory of theWendy's subcatgory of restaurantsithin
atask-drivenlearningapproachin which robustpatterns
of covariationbecomerepresentationallgoherent,and
in which subpatterngoexist within the larger patterns

of covariation,suchotherwisethorry issuesbecomeir-
relevant (McClelland & Rumelhart,1985; Rumelhart,
Smolensk, McClelland,& Hinton, 1986).

Task-Driven Learning Can Discover Localist-Lik e
Representations. As we have noted, whereasPage
would stipulatelocalistrepresentationfor varioustypes
of problems,our approachallows an appropriaterepre-
sentatiorto becreatedn respons¢o theconstraintduilt
into the learningprocedureandthe taskat hand. At a
generalevel, distributedrepresentationseemmostuse-
ful in systematicddomainsin which similar inputs map
to similar outputs(e.g.,Englishword reading) whereas
localist representationgand here we meanspecifically
representationsvolving one unit per entire input pat-
tern) aremostusefulin unsystematicdlomainsin which
similar inputsmay mapto completelyunrelatedoutputs
(e.g.,word comprehensiorfacenaming,episodicmem-
ory). It is thusinteresting(although,to our knowledge,
not particularlywell documentedjhat standarcconnec-
tionist learningproceduresendto producedense pver
lappinginternalrepresentationshenappliedto system-
atic tasks,whereashey tendto producemuch sparser
lessoverlappingrepresentationshenappliedto unsys-
tematictasks. Although Pageconsiderghe latterto be
functionally equivalentto localist representationghere
areat leasttwo reasongo rejectthis equivalence.First,
sparsedistributed representationscalefar better than
strictly localist ones(Marr, 1970; McClelland & God-
dard,1996;Kanena, 1988). Secondandperhapsmore
important,sparseadistributedrepresentationare on one
end of a continuumproducedby the sameset of com-
putationalassumptionghat yield more dense,overlap-
ping representationshentheseareusefulto capturethe
structuren adomain.

Other Commentson Page’s Critique of “Distrib uted”

Approaches. In rejectingwhat he callsthe distributed
approachPage levels sereral criticisms that are either
incorrector overstatedpartly becausée seemdo adopt
an overly narrov view of the approach.For onething,

Page appearsto equatethe distributed approachwith

theapplicationof back-propagatiowithin feed-forward
networks. He thenraisesquestionsaboutthe biologi-

cal plausibility of back-propagatiobut failsto acknawl-

edge that there are a number of other more plausi-
ble proceduredor performinggradientdescentearning
in distributedsystemswvhich arefunctionally equivalent
to back-propagatiorfsee, e.g., O'Reilly, 1996). Page
questionswvhetherdistributedsystemsanappropriately
fail to generalizein unsystematicdomains(e.g., map-
ping orthographyto semanticsfor pseudwords; draft
p. 26) when such behaior has already beendemon-
strated(Plaut, 1997; Plaut& Shallice,1993). He also
questionshow adistributedsystemcandecidewhenand
how to respondvithoutsomesortof homunculaenegy-

monitoring system (although see Botvinick, Nystrom,
Fissell,Carter & Cohen,in pressfor recentfunctional
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imagingdatasupportingthe hypothesighatthe anterior
cingulatemay; in fact,play sucharole). In fact,no such
explicit decisionsarerequired;all thatis neededs that
the motor systembe sufiiciently dampedhatit initiates
behaior only whendriven by stronglyactivated,stable
internalrepresentationgseeKello, Plaut,& MacWhin-
ney, in pressfor asimpledemonstratiof thisidea).

Basedon the above, we suggesthat the representa-
tionsusedby thebrainin solvingaparticulartaskarenot
somethingwe shouldstipulatein advance. Rather they
areselectedy evolution andby learningassolutionsto
challengesand opportunitiesposedby the ervironment.
The structureof the problemwill determinevhetherthe
representatiowill belocalist-like or moredistributedin
character
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