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Researchersinterestedin humancognitive processes
have long usedcomputersimulationsto try to identify
the principlesof cognition. The strategy has beento
build computationalmodelsthat embodya setof prin-
ciplesandthentheexaminehow well themodelscapture
humanperformancein cognitive tasks. Computational
modelinghasboth strengthsandweaknessesin its use-
fulnessin facilitating the developmentof cognitive the-
ories. Perhapsits mostimportantstrengthis that, in de-
velopingmechanistictheoriesof cognitive processes,it
is critical to havea languageor formalismfor describing
dynamicinformation processingin detail. Developing
a working implementationof a modelmakesit possible
bothto verify thecompletenessandinternalcoherenceof
its underlyingtheoreticalprinciples,andto generatede-
tailed,quantitativepredictionsof themodelwhentested
in novel circumstances.More generally, computational
modelingcanleadto new theoreticaldiscoveriesby pro-
viding a meansof exploring the implicationsof a setof
ideasor principles.

Thereare,however, a numberof potentialpitfalls in
the applicationof computationalmodelingto cognitive
processesthat mustbe kept in mind. First, developing
an explicit implementationalwaysinvolvesaugmenting
core theoreticalclaims with less central, ancillary as-
sumptions,andit canbe difficult to evaluatethe extent
to which thebehavior of themodeldependson thelatter
insteadof the former. Moreover, modelsmay beunder-
constrainedand are appliedto modelingdatapost hoc
without a sufficient considerationof whetherthereare
patternsof datathat the model could not produce(see
Roberts& Pashler, 2000). Finally, modelsareoftenput
forward as theoriesin an of themselves, without suffi-
cientanalysisandexplanationof whythemodelaccounts
for thedata(seeMcCloskey, 1991).In general,computa-
tionalmodelingwouldseemto bemostproductivewhen
it is carriedout in the serviceof clarifying theoretical
claimsandwhenit it tightly integratedwith correspond-
ing empiricalstudies.

A numberof formalismshavebeenappliedto model-
ing cognitive processes,including productionsystems,
discriminationnets, exemplar-basedmodels,and con-
nectionistmodels. The currentchapterpresentsa brief
summaryof eachof theseapproachesalongwith some
illustrative examples. Particular emphasisis place on
connectionistmodelingasthis is theframework thathas

beenmostwidely appliedto simulatingneuropsycholog-
ical phenomena.

ProductionSystems

Someof theearliestcognitivesimulations,suchasthe
GeneralProblemSolver (Newell, Shaw, & Simon,1958;
Newell & Simon,1972),tooktheformof productionsys-
tems.In its generalform, aproductionsystemconsistsof
asetof condition-actionrules,andasetof knowledgeel-
ementsstoredin workingmemory. Whenworkingmem-
ory elementssatisfytheconditionsof oneor morerules,
therules“fire” andtheir actionsareexecuted.Theseac-
tionsmay involve addingor removing working memory
elements,aswell asgatheringmoreinput or generating
behavioral output.

More recentcognitive modelsof this form have in-
troducedparticularelaborationsof thebasicproduction-
systemarchitecture.Onesuchexampleis Soar(Newell,
1990). In Soar, productionsare organizedinto prob-
lem spacessuch that only the productionsrelevant to
the currentproblemspacecanfire. Soarincorporatesa
principleof impasse-drivensubgoalingwhereby, if there
is any ambiguity in what action to take next, an im-
passeis reachedandanew problemspaceis createdwith
the goal of resolvingthe impasse.Any impassewithin
this new problemspacewould spawn a furtherproblem
space,andsoon, until the relevantactionsareof a suf-
ficiently fine grain that choiceamongthem is straight-
forward. When the sequenceof productionswithin a
problemspacesucceedsin satisfying the space’s goal,
a new productionor chunk is createdthat summarizes
the conditionsunderwhich the particularactionshould
beselected,therebypreventingtheprecipitatingimpasse
in the future. In this way, chunkingserves as a basic
learning mechanismto progressive speedperformance
with practice.Soarhasbeenappliedto modelingabroad
rangeof relatively high-level cognitive phenomena,in-
cludingproblemsolving,analogysyntacticprocessesin
languagecomprehension,andhuman-computerinterac-
tion (seeRosenbloom,Laird, & Newell, 1993).

Anotherinfluentialframework for cognitivemodeling
basedonproductionsystemsis ACT-R (Anderson,1990;
Anderson& Lebiere,1998).Unlike Soar, ACT-R draws
a sharpdistinction betweenproceduraland declarative
knowledge.Proceduralknowledgetakestheform of sets
of condition-actionproductions,muchas in a standard
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system.Learningnew proceduralknowledge
involvescompilationof new, moreefficient productions
basedon the successpatternsand dependenciesof se-
quencesof more primitive productions,similar to the
chunkingmechanismin Soar. Declarativeknowledgein
ACT-R, on the otherhand,takesthe form of a network
of interconnectedconceptnodes; spreadingactivation
amongthe nodesenablesthemto satisfythe conditions
of productions(likeactiveworking memoryelementsin
Soar). ACT-R hasbeenappliedprimarily to modeling
memoryandcategorizationphenomena,althoughrecent
applicationshave focusedon developingmodelsof stu-
dentlearningin automatedtutoringsystems(Anderson,
Corbett,Koedinger, & Pelletier, 1995).A closelyrelated
framework, 3CAPS(Just & Carpenter, 1992), applied
mostly to languagecomprehension,explains individual
differencesin performancebasedon strict limitations in
the amountof activation that canbe propagatedamong
workingmemoryelements.

Therehave beenrelatively few attemptsto applypro-
duction systemsto modeling neuropsychologicalphe-
nomena. One notableexceptionis Kimberg andFarah
(1993), who accountedfor the cognitive impairments
of patientswith frontal-lobeon motor sequencing,the
Strooptask,theWisconsinCartSortingTask,andacon-
text memorytask, in termsof limits in working mem-
ory capacitywithin a fairly traditionalproductionsystem
model.

DiscriminationNets

A discriminationnetconsistsof a hierarchicaltreeof
conditionsor tests. Processingproceedsdown the tree,
with the resultof eachtestdirectingprocessingalonga
particularsub-branch,until the appropriatecategoriza-
tion or action is determinedby arriving at a leaf (end
node)of the tree. Learning involves addingtestsand
reorderingthemto arriveat theappropriateleafmoreef-
ficiently. A well-known cognitive modelingframework
basedondiscriminationnetsis EPAM andits derivatives
(Richman,Staszewski, & Simon,1995),which hasbeen
appliedsuccessfullyin accountingfor a broadrangeof
phenomenain perception,memory, and categorization.
Discrimination-netalgorithmshave alsobeenappliedto
language-relatedphenomena,including English inflec-
tionalmorphology(Ling, 1994;Ling & Marinov, 1993).
The approachhas generallyfocusedon understanding
normalperformanceandhasnot asyet beenappliedto
neuropsychologicaldata.

Exemplar-BasedModels

In an exemplar-basedmodel, each categorized in-
stanceor exampleencounteredby the systemis explic-
itly stored,labeledby its category. A new input is cat-
egorizedby determiningits similarity to all storedex-
emplars,andassigningit the category of the mostsimi-
lar one,or the mostcommoncategory amonga number
of similar ones. In additionto storingexemplars,many

of the modelscanalsolearnto adjustweightingson in-
put dimensionssoasto allocate“attention” to the most
relevant aspectsof stimuli. Typical domainsof appli-
cationof exemplarmodelsincludememory(e.g.,MIN-
ERVA, Hintzman, 1986), automatization(e.g., Logan,
1988),andcategory learning(e.g.,ALCOVE, Kruschke,
1992, and the GeneralizedContext Model, Nosofsky,
1986). More recently, exemplar-basedapproachesare
beingadoptedin thecontext of speechrecognition(e.g.,
Goldinger, 1998)to accountfor long-terminfluencesof
surfacepropertiesof speech(e.g.,talkergender)onrecall
accuracy. As with discriminationnets,exemplar-based
modelshave focusedlargely on accountingfor normal
skilled performancerather than on the patternsof im-
pairedperformancethatcanarisefrom braindamage.

ConnectionistModels

In connectionistmodels,cognitive processestake the
form of cooperativeandcompetitive interactionsamong
large numbersof simple, neuron-like processingunits.
Typically, each unit has a real-valued activity level,
roughly analgousto the firing rate of a neuron. Unit
interactionsaregovernedby weightedconnectionsthat
encodethe long-termknowledgeof the systemandare
learnedgradually throughexperience. The activity of
someof the units encodesthe input to the system;the
resultingactivity of otherunitsencodesthesystem’s re-
sponseto that input. The patternsof activity of the re-
maining,so-calledhiddenunitsconstitutelearned,inter-
nal representationsthatmediatebetweeninputsandout-
puts.Unitsandconnectionsarenotgenerallyconsidered
to be in one-to-onecorrespondencewith actualneurons
andsynapses.Rather, connectionistsystemsattemptto
capturetheessentialcomputationalpropertiesof thevast
ensemblesof real neuronalelementsfound in the brain
throughsimulationsof smallernetworksof units. In this
way, theapproachis distinct from computationalneuro-
science(Sejnowski, Koch,& Churchland,1988),which
aimsto modelthedetailedneurophysiologyof relatively
smallgroupsof neurons.Althoughtheconnectionistap-
proachusesphysiologicaldatato guidethesearchfor un-
derlyingprinciples,it tendsto focusmoreonoverall sys-
tem function or behavior, attemptingto determinewhat
principlesof brain-stylecomputationgiveriseto thecog-
nitivephenomenaobservedin humanbehavior.

The simpleststructurefor a connectionistnetwork is
a feedforward architecture,in which informationflows
unidirectionally from input units to output units, typi-
cally via oneor morelayersof hiddenunits(socalledbe-
causethey arenot visible to theenvironment).Although
suchnetworkscanprovide importantinsightsinto many
cognitivedomains,andareoftenreasonableapproxima-
tions of more complex systems,they are severely lim-
ited in theirability to learnandprocessinformationover
time and thus are relatively ill-suited for domainsthat
involvecomplex temporalstructure.A moreappropriate
typeof network for suchdomainsis a recurrentarchitec-
ture that permitsany patternof interconnectionamong
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units. In one type of recurrentnetwork, termedan
attractor network, units interactin sucha way that, in
responseto a fixedinput, thenetwork asa wholegradu-
ally settlesto astablepatternof activity representingthe
network’s interpretationof the input (including any as-
sociatedresponse).Recurrentnetworkscanalsolearnto
processsequencesof inputsand/orto producesequences
of outputs. For example,in a simplerecurrent network
(Elman,1990),the internalrepresentationgeneratedby
agivenelementof asequenceis madeavailableasinput
to provide context for processingsubsequentelements.
Critically, the internal representationsthemselvesadapt
soasto provideandmakeeffectiveuseof thiscontext in-
formation,enablingthesystemto learnto representand
retainrelevantinformationacrossmultiple time scales.

An issueof centralrelevancein thestudyof cognition
is the natureof the underlyingrepresentationof infor-
mation. Connectionistmodelsdivide roughly into two
classesdependingon the natureof the representations
thatareemployed. In a localist representation,eachunit
correspondsto a distinct, familiar entity suchas a let-
ter, word, concept,or proposition(seePage,2000). By
contrast,in adistributedrepresentation,suchentitiesare
encoded,not by individual units, but by alternative pat-
ternsof activity over thesamegroupof units,sothateach
unit participatesin representingmany entities(seeHin-
ton,McClelland,& Rumelhart,1986). It is importantto
note that a representationis localist or distributedonly
with respectto a specificsetof entities;thesamerepre-
sentationcanbelocalistwith respectto someentitiesand
distributedwith respectto others.Both localistanddis-
tributedmodelsare“connectionist”in thesensethat the
system’s knowledgeis encodedin termsof weightson
connectionsbetweenunits(Feldman& Ballard,1982).

LocalistModels

A well-known exampleof a localist modelis the In-
teractive Activation Model of letter and word percep-
tion (McClelland & Rumelhart,1981), which consists
of threelayersof units: letter-featureunits, letter units,
and word units. Units in eachlayer receive inhibitory
connectionsfrom mutually exclusive alternativesat the
sameletter(e.g.,M vs.T in thefirst letterposition);units
receive facilitatory connectionsfrom units at other lev-
els representingconsistentinformation (e.g., M in the
first letter position and the unit for MAKE at the word
level). Interactiveprocessingvia theseconnectionsplay
acritical rolein explaininganumberof context effectsin
perception,suchasthe word superorityeffect (Reicher,
1969).Analogousmodelsin thedomainsof spokenword
perception(TRACE; McClelland & Elman, 1986) and
production(Dell, 1986;Dell, Schwartz,Martin, Saffran,
& Gagnon,1997)havealsobeenhighly influential.

More generally, interactive localist modelsareoften
termedconstraint satisfactionnetworks, as units rep-
resent alternative hypothesesand connectionweights
encodethe constraintsthat govern what combinations
of hypothesesconstitutegood solutions or interpreta-

tions. Constraintsatisfaction networks have beenap-
plied effectively in modeling data on normal and im-
pairedfacerecognition(Burton,Young,Bruce,Johnston,
& Ellis, 1991), syntacticambiguity resolution(Spivey
& Tanenhaus,1998), and analogicalreasoning(Hum-
mel & Holyoak, 1997; Thagard,1989). An interesting
subclassof modelsemploys asecondrealvaluefor each
unit, analogousto the phaseof periodicfiring of a neu-
ron. Synchrony amongthesevaluesallowsmultiple sta-
ble coalitionsof active units to beboundtogetherwith-
out interferingwith eachother. Synchrony-binding net-
workshave beenappliedto objectrecognition(Hummel
& Biederman,1992)andto inferentialreasoning(Shastri
& Ajjanagadde,1993).

Becauselocalist modelsstipulatethe form and con-
tent of representations,they tend to de-emphasizethe
role of learning.Somelocalistmodelsdo, however, ad-
dresslearningphenomena.A notableexampleis Adap-
tive ResonanceTheory (ART; Carpenter& Grossberg,
1987),which hasbeenappliedto a wide rangeof per-
ceptualandcognitive domains,including someaspects
of frontal lobeimpairments(Levine & Prueitt,1989).In
ART, avigilanceparametercontrolswhenthegoodness-
of-fit betweenthecurrentstimuli andstoredexemplarsis
sufficiently poorthatanew exemplarmustbecreated.A
closely relatedframework, compound-cueingnetworks
(Houghton& Tipper, 1996),hasbeenappliedto a num-
berof sequentialdomains,includingprimingandimme-
diateserial recall. In fact, many of the exemplar-based
models(e.g.,Kruschke,1992)canbecastaslocalistcon-
nectionistmodels.

Another learning framework, falling somewhat be-
tweenlocalistanddistributedmodels,is Self-Organizing
Maps,alsoknown asKohonennetworks (seeKohonen,
1984).Internalunitsareorganizedtopographically, usu-
ally in a two-dimensionalsheetanalogousto an areaof
cortex. The unit that respondsmost strongly to each
input updatesit weightsto respondeven morestrongly
to that input on subsequentpresentations—aprocedure
known as competitive learning (Rumelhart& Zipser,
1985). In addition, the neighborsof the maximally re-
spondingunit alsoupdatetheir weights,biasingthemto
respondto similar stimuli. As a result,unitsbecomeas-
signedto stimuli in sucha way that thesimilarity struc-
tureamongthe inputsbecomeslayedout over the topo-
graphicorganizationof theunits.Beyondbeingusefulas
atechniquefor dimensionalityreductionanddatavisual-
ization,Kohonennetworkshave beenappliedto a num-
berof aspectsof lexical, syntactic,andsemanticprocess-
ing (Miikkulainen,1993,1997;Schyns,1991).

DistributedModels

Although localist modelshave beenhighly influen-
tial, many recentconnectionistmodelsrely on proper-
ties of distributed representations.Although suchrep-
resentationsare more difficult to think about, they of-
fer a rich and powerful basisfor understandinglearn-
ing, generalization,and the flexibility and productiv-
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ity of� cognition (Gelder, 1990). The key to the effec-
tivenessof distributedrepresentationsis the useof pat-
ternswhosesimilarity relationscorrespondto the simi-
larities in the rolesthe patternsplay in cognition,given
that similar patternstend to have similar consequences
in connectionistmodels(seeHinton et al., 1986). In
very simple tasks,the similarities amongthe represen-
tationsprovidedby theenvironmentmaybesufficient to
guidebehavior. However, in mostcognitivedomains,the
functional relationshipsthat mustgovern effective per-
formanceareoften quite different from the similarities
amongsurfaceforms. For example,the wordsCAT and
CAP look andsoundvery similar but have entirelyunre-
latedmeanings.Consequently, the inputsto the system
mustbe re-represented,perhapsvia successive transfor-
mationsacrossmultiple intermediatelayersof units, as
new patternsof activity whoserelative similarities ab-
stractaway from misleadingsurfacesimilarity and, in-
stead,capturethe underlyingstructureof the domain.
Distributed representationscan also be usedto imple-
mentmorecomplex, relationalknowledgestructureslike
framesandscriptsif units encodeconjunctionsof roles
and propertiesof role-fillers—in fact, suchrepresenta-
tions emerge naturally when networks are trained on
tasksin which entitiesenter into multiple typesof re-
lations(seeHinton,1991).

Traditional approachesto understandingand model-
ing cognition typically make very strong and specific
assumptionsaboutthe structureof theseinternalrepre-
sentationsandthe processesthatmanipulatethem. The
distributed connectionistapproach,by contrast,places
muchgreateremphasisontheability of asystemto learn
effective internalrepresentations.Learningin a connec-
tionist network takes the form of modifying the values
of weightson connectionsbetweenunits in responseto
feedbackon the behavior of the network. A variety of
specificlearningproceduresareemployedin connection-
ist research;most that have beenapplied to cognitive
domains,suchasback-propagation(Rumelhart,Hinton,
& Williams, 1986) take the form of error correction:
Changeeachweight in a way that reducesthe discrep-
ancy betweenthecorrectresponseto eachinput andthe
one actually generatedby the system. In this process,
internalrepresentationsover hiddenunitsarelearnedby
calculatinghow to changeeachunit’s activation to re-
duceerrorandthenmodifying its incomingweightsac-
cordingly. Although it is unlikely that the brain im-
plementsback-propagationin any direct sense(Crick,
1989),therearemorebiologically plausibleprocedures
that arecomputationallyequivalent(see,e.g.,O’Reilly,
1996).

Theemphasisonlearningwithin theconnectionistap-
proachhas fundamentalimplications for the natureof
the explanationsofferedfor cognitive behavior. Instead
of attemptingto stipulatethe specificform andcontent
of theknowledgerequiredfor performancein a domain,
theapproachinsteadstipulatesthetasksthesystemmust
perform,includingthenatureof therelevantinformation

in the environment,but then leaves it up to learningto
develop the necessaryinternal representationsandpro-
cesses(McClelland,St.John,& Taraban,1989).In some
contexts,theresultingsolutionmaybearacloserelation-
shipto moretraditionalmechanisms,but it is moreoften
the casethat learningdevelopsrepresentationsandpro-
cesseswhich areradicallydifferentfrom thoseproposed
by traditional theories,and which generatenovel hy-
pothesesandtestablepredictionsconcerninghumancog-
nitive behavior. Distributedconnectionistmodelshave
beenappliedto the full rangeof perceptual,cognitive,
andmotordomains(seeMcClelland,Rumelhart,& PDP
ResearchGroup,1986; Quinlan, 1991; McLeod, Plun-
kett,& Rolls,1998).

In an early applicationof error-correctinglearning,
RumelhartandMcClelland(1986)showedthat a single
network could learnto generatethe past-tenseforms of
bothregularandirregularEnglishverbsfromtheirstems,
therebyobviating the needfor dual rule-basedand ex-
ceptionmechanisms(Pinker, 1984,1991).Althoughas-
pectsof the approachwere strongly criticized (Pinker
& Prince, 1988), many of the specific limitations of
themodelhavebeenaddressedin subsequentsimulation
work (see,e.g.,MacWhinney & Leinbach,1991; Plun-
kett & Marchman,1993,1996).More recently, Joanisse
andSeidenberg (1999)developeda connectionistmodel
of past-tenseformationin which representationsof input
phonology, outputphonology, andsemanticsall interact
in performinglexical tasks.Whenthenetwork wastested
onpast-tensegeneration,semanticdamageimpairedper-
formancemorefor irregularverbsthanfor regularverbs
or novel verbs,whereasphonologicaldamageimpaired
performancemorefor novel verbsthanfor regularor ir-
regularverbs.Thesefindingscorrespondto thedissocia-
tionsobservedby Ullmanet al. (1997)with Alzheimer’s
diseaseandParkinson’s disease,respectively, andinter-
pretedby them as implicating separaterule-basedand
lexical mechanisms.

A similar line of progresshastaken placein the do-
main of English word reading. An early connection-
ist model (Seidenberg & McClelland, 1989) provided
a good accountof word readingbut was poor at pro-
nouncingword-like pseudowords (e.g., MAVE; Besner,
Twilley, McCann,& Seergobin, 1990). A morerecent
seriesof simulations(Plaut,McClelland,Seidenberg, &
Patterson,1996)showedthat the limitationsof this pre-
liminary model stemmednot from any generalfailing
of connectionistnetworks, but from the model’s useof
poorly structuredorthographicand phonologicalrepre-
sentations. When representationswere usedthat con-
densethe regularitiesbetweenorthographyandphonol-
ogy by incorporatinggraphotacticandphonotacticcon-
straints,networks wereableto learnto pronounceboth
regular and exception words, and yet also pronounce
pseudowordsaswell asskilled readers.Whenthemod-
els are damagedin variousways, they exhibit the ma-
jor forms of acquireddyslexia, including deepdyslexia
in which patientsmake semanticerrorsin readingaloud
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misreadingYACHT as“boat”; Hinton & Shallice,
1991; Plaut& Shallice,1993), andsurfacedyslexia in
which patientsproduceregularizationerrors to excep-
tion words(e.g.,misreadingYACHT as“yatched”;Plaut,
1997;Plautet al., 1996). Moreover, retrainingthedam-
agedmodelsyieldspatternsof recovery andgeneraliza-
tion thatarequalitativelysimilar to thosefoundin cogni-
tiverehabilitationstudies(Plaut,1996).A fully recurrent
network operatingaccordingto very similar principles,
but with an additionalattentionalmechanism,hasbeen
usedto accountfor theinteractionof bothperceptualand
lexical/semanticfactorsin the readingerrorsof neglect
dyslexic patients(Mozer& Behrmann,1990).

Although fully recurrent networks are capableof
learningto exhibit complex temporalbehavior, for rea-
sonsof efficiency it is more commonto apply simple
recurrentnetworks in temporaldomains. For example,
Elman(1991)demonstratedthata simplerecurrentnet-
work could learnthe structureof an English-like gram-
mar, involving numberagreementandvariableverb ar-
gumentstructureacrossmultiple levels of embedding,
by repeatedlyattemptingto predict the next word in
processingsentences(seealso Rohde& Plaut, 1999).
St.JohnandMcClelland(1990)alsoshowed,for asome-
whatsimplercorpus,how suchnetworkscanlearnto de-
velop a representationof sentencemeaningby attempt-
ing to answerqueriesthematicroleassignmentsthrough-
out thecourseof processingasentence.Cleeremansand
McClelland (1991) demonstratedthat simple recurrent
networkscouldaccountfor a numberof phenomenare-
lated to implicit learningof sequentialstructuregener-
atedby artificial grammars.

One of the main attractionsof distributed connec-
tionist modelssuchas theseis their ability to discover
thestructureimplicit in ensemblesof eventsandexperi-
ences(seealso McClelland & Rumelhart,1985). Ac-
complishingthis, however, requiresmaking only very
small changesin responseto eachinput so that the re-
sultingweightvaluesreflectthelong-termexperienceof
thesystem.Attemptsto teachsuchnetworkstheidiosyn-
craticpropertiesof specificeventsoneaftertheotherdo
not generallysucceedsincethe changesmadein learn-
ing eachnew caseproduce“catastrophicinterference”
with what was previously storedin the weights (Mc-
Closkey & Cohen,1989). McClelland, McNaughton,
andO’Reilly (1995)observed,however, thatcatastrophic
interferencedoesnot occur if continuedtraining of old
knowledgeis interleavedwith thetrainingof new knowl-
edge.They proposedthatthebrainemploystwo comple-
mentarylearningsystems:a corticalsystemfor gradual
learningusinghighly overlappingdistributedrepresenta-
tions, anda subcortical,hippocampal-basedsystemfor
rapid learningusingmuchsparser, less-overlappingrep-
resentations.On their account,storedinstancesin the
hippocampusprovide the training input for pastexperi-
encethat must be interleaved with ongoingexperience
to preventinterferencein cortex. Theargumentwasthat
learningin cortex and in distributednetworks are sim-

ilarly constrained,so that the strengthsand limitations
of structure-sensitivelearningin networksexplainedwhy
the brainemploys two complementarylearningsystems
in hippocampusandneocortex.

Summary

A broadrangeof computationalformalismshavebeen
employedin theserviceof developingsimulationsof hu-
man cognitive processes.Someof these,suchas pro-
duction systemsand discriminationnets,are basedon
the applicationof symbolic rules,whereasothers,such
asdistributedconnectionistnetworks,arebasedonputa-
tive principlesof neuralcomputation.While the former
have provided importantinsightsinto high-level cogni-
tive processessuchas problemsolving and reasoning,
thelatterhave provenmoreusefulin understandinghow
disordersof brain functioncanleadto disordersof cog-
nition. Althoughcomputationalmodelingoffers impor-
tanttoolsfor theorydevelopment,it is mostusefulwhen
computationalandempiricalstudiesarecarredout in an
integrated,mutuallyinforming manner.
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