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Researchergterestedn humancognitive processes
have long usedcomputersimulationsto try to identify
the principlesof cognition. The stratgyy hasbeento
build computationaimodelsthat embodya setof prin-
ciplesandthentheexaminehow well themodelscapture
humanperformancedn cognitive tasks. Computational
modelinghasboth strengthsandweaknessem its use-
fulnessin facilitating the developmentof cognitive the-
ories. Perhapsts mostimportantstrengthis that, in de-
veloping mechanistidheoriesof cognitive processesit
is critical to have alanguageor formalismfor describing
dynamicinformation processingn detail. Developing
aworking implementatiorof a modelmalesit possible
bothto verify thecompletenesandinternalcoherencef
its underlyingtheoreticalprinciples,andto generatele-
tailed, quantitatve predictionsof the modelwhentested
in novel circumstancesMore generally computational
modelingcanleadto new theoreticaldiscoveriesby pro-
viding a meansof exploring the implicationsof a setof
ideasor principles.

Thereare, however, a numberof potentialpitfalls in
the applicationof computationaimodelingto cognitive
processeshat mustbe keptin mind. First, developing
an explicit implementatioralwaysinvolvesaugmenting
core theoreticalclaims with less central, ancillary as-
sumptions,andit canbe difficult to evaluatethe extent
to which the behaior of the modeldepend®nthelatter
insteadof the former. Moreover, modelsmay be under
constrainedand are appliedto modelingdatapost hoc
without a sufficient consideratiorof whetherthereare
patternsof datathat the model could not produce(see
Roberts& Pashler 2000). Finally, modelsare often put
forward as theoriesin an of themseles, without suffi-
cientanalysisandexplanationof whythemodelaccounts
for thedata(seeMcCloskey, 1991).In generalcomputa-
tional modelingwould seemto be mostproductive when
it is carriedout in the serviceof clarifying theoretical
claimsandwhenit it tightly integratedwith correspond-
ing empiricalstudies.

A numberof formalismshave beenappliedto model-
ing cognitive processesincluding productionsystems,
discrimination nets, exemplarbasedmodels, and con-
nectionistmodels. The currentchapterpresentsa brief
summaryof eachof theseapproacheslongwith some
illustrative examples. Particular emphasisis place on
connectionismodelingasthis is the framework thathas

beenmostwidely appliedto simulatingneuropsycholog-
ical phenomena.

ProductionSystems

Someof theearliestcognitive simulationssuchasthe
GeneraProblemSolver (Newell, Shav, & Simon,1958;
Newell & Simon,1972),tooktheform of productionsys-
tems.In its generaform, aproductionsystemconsistof
asetof condition-actiorrules,andasetof knowledgeel-
ementsstoredin workingmemory Whenworking mem-
ory elementssatisfythe conditionsof oneor morerules,
therules“fire” andtheir actionsareexecuted.Theseac-
tions may involve addingor removing working memory
elementsaswell asgatheringmoreinput or generating
behaioral output.

More recentcognitive modelsof this form have in-
troducedparticularelaboration®f the basicproduction-
systemarchitecture Onesuchexampleis Soar(Newell,
1990). In Soar productionsare organizedinto prob-
lem spacessuchthat only the productionsrelevant to
the currentproblemspacecanfire. Soarincorporatesa
principleof impasse-drivesubgoalingvherebyif there
is ary ambiguity in what action to take next, an im-
passés reachedanda new problemspacés createdwith
the goal of resolvingthe impasse.Any impassewithin
this new problemspacewould spavn a further problem
spaceandsoon, until therelevantactionsare of a suf-
ficiently fine grain that choiceamongthemis straight-
forward. When the sequenceof productionswithin a
problemspacesucceedsn satisfyingthe spaces goal,
a new productionor chunkis createdthat summarizes
the conditionsunderwhich the particularaction should
be selectedtherebypreventingthe precipitatingimpasse
in the future. In this way, chunkingsenes as a basic
learning mechanismto progressie speedperformance
with practice.Soarhasbeenappliedto modelinga broad
rangeof relatively high-level cognitve phenomenain-
cluding problemsolving, analogysyntacticprocesses
languagecomprehensionand human-computeinterac-
tion (seeRosenbloomlaird, & Newell, 1993).

Anotherinfluentialframework for cognitive modeling
basedn productionsystemss ACT-R (Anderson1990;
Anderson& Lebiere,1998). Unlike Soar ACT-R draws
a sharpdistinction betweenproceduraland declaratve
knowledge.Proceduraknowledgetakestheform of sets
of condition-actionproductionsmuchasin a standard
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productionsystem.Learningnew proceduraknowledge
involvescompilationof new, more efficient productions
basedon the succesgatternsand dependenciesf se-
quencesof more primitive productions,similar to the
chunkingmechanisnin Soar Declarative knowledgein
ACT-R, on the otherhand,takesthe form of a network
of interconnectecconceptnodes; spreadingactivation
amongthe nodesenableghemto satisfythe conditions
of productionglik e active working memoryelementsn
Soar). ACT-R hasbeenappliedprimarily to modeling
memoryandcateyorizationphenomenaalthoughrecent
applicationshave focusedon developingmodelsof stu-
dentlearningin automatedutoring systemgAnderson,
Corbett,Koedinger& Pelletier 1995). A closelyrelated
framework, 3CAPS (Just& Carpenter1992), applied
mostly to languagecomprehensionexplainsindividual
differencesn performanceébasedon strict limitationsin
the amountof activationthat canbe propagatecamong
working memoryelements.

Therehave beenrelatively few attemptgo apply pro-
duction systemsto modeling neuropsychologicaphe-
nomena. One notableexceptionis Kimberg and Farah
(1993), who accountedfor the cognitive impairments
of patientswith frontal-lobe on motor sequencingthe
Strooptask,the WisconsinCartSortingTask,andacon-
text memorytask, in termsof limits in working mem-
ory capacitywithin afairly traditionalproductionsystem
model.

DiscriminationNets

A discriminationnet consistof a hierarchicaltreeof
conditionsor tests. Processingroceedsiown the tree,
with theresultof eachtestdirectingprocessingalonga
particularsub-branchuntil the appropriatecateyoriza-
tion or actionis determinedby arriving at a leaf (end
node) of the tree. Learninginvolves addingtestsand
reorderinghemto arrive attheappropriatdeaf moreef-
ficiently. A well-known cognitive modelingframework
basedndiscriminationnetsis EPAM andits derivatives
(Richman,Staszevski, & Simon,1995),which hasbeen
appliedsuccessfullyin accountingfor a broadrangeof
phenomenan perception,memory and categorization.
Discrimination-netalgorithmshave alsobeenappliedto
language-relategphenomenajncluding English inflec-
tional morphology(Ling, 1994;Ling & Marinov, 1993).
The approachhas generallyfocusedon understanding
normal performanceand hasnot asyet beenappliedto
neuropsychologicalata.

ExemplarBasedViodels

In an exemplarbasedmodel, each categyorized in-
stanceor exampleencounteredby the systemis explic-
itly stored,labeledby its category. A new inputis cat-
egorized by determiningits similarity to all storedex-
emplars,andassigningt the category of the mostsimi-
lar one, or the mostcommoncategory amonga number
of similar ones. In additionto storingexemplars,mary

of the modelscanalsolearnto adjustweightingson in-

put dimensionsso asto 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, Kruschle,

1992, and the GeneralizedContet Model, Nosofsky,

1986). More recently exemplarbasedapproachesre
beingadoptedn the context of speeclrecognition(e.g.,
Goldinger 1998)to accountfor long-terminfluencesof

surfacepropertieof speech{e.g.,talkergenderpnrecall
accurag. As with discriminationnets,exemplarbased
modelshave focusedlargely on accountingfor normal
skilled performanceratherthan on the patternsof im-

pairedperformancehatcanarisefrom braindamage.

ConnectionistModels

In connectionistmodels,cognitive processesake the
form of cooperatie andcompetitive interactionsamong
large numbersof simple, neuron-like processingunits.
Typically, eachunit has a real-valued activity level,
roughly analgousto the firing rate of a neuron. Unit
interactionsare governedby weightedconnectionghat
encodethe long-termknowledgeof the systemandare
learnedgradually through experience. The activity of
someof the units encodeghe input to the system;the
resultingactiity of otherunitsencodeghe systemsre-
sponseto thatinput. The patternsof activity of there-
maining,so-callechiddenunits constitutelearnedjnter-
nal representationthatmediatebetweerinputsandout-
puts.Units andconnectionsarenotgenerallyconsidered
to bein one-to-onecorrespondencwith actualneurons
and synapsesRather connectionissystemsattemptto
capturethe essentiatomputationapropertiesof thevast
ensemble®f real neuronalelementsdound in the brain
throughsimulationsof smallernetworks of units. In this
way, the approachis distinctfrom computationaheuro-
science(Sejnavski, Koch, & Churchland1988),which
aimsto modelthe detailedneurophysiologyf relatively
smallgroupsof neurons Althoughthe connectionistap-
proachusesphysiologicaldatato guidethesearcHor un-
derlyingprinciples,it tendsto focusmoreon overall sys-
tem function or behaior, attemptingto determinewhat
principlesof brain-stylecomputatiorgiveriseto thecog-
nitive phenomenabsenredin humanbehaior.

The simpleststructurefor a connectionisnetwork is
a feedforwad architecturejn which information flows
unidirectionally from input units to output units, typi-
cally via oneor morelayersof hiddenunits(socalledbe-
causehey arenotvisible to the ervironment).Although
suchnetworks canprovide importantinsightsinto mary
cognitive domains,andareoftenreasonabl@pproxima-
tions of more complex systemsthey are severely lim-
ited in their ability to learnandprocessnformationover
time and thus are relatively ill-suited for domainsthat
involve complex temporalstructure A moreappropriate
typeof network for suchdomaings arecurrentarchitec-
ture that permitsary patternof interconnectioramong
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the units. In onetype of recurrentnetwork, termedan
attractor network, units interactin sucha way that, in
responseo afixedinput, the network asa whole gradu-
ally settlesto a stablepatternof actwity representinghe
network’s interpretationof the input (including ary as-
sociatedesponse)Recurrennetworkscanalsolearnto
processequencesf inputsand/orto producesequences
of outputs. For example,in a simplerecurrent network
(Elman, 1990), the internalrepresentatioigeneratedy
agivenelementof a sequencés madeavailableasinput
to provide contet for processingsubsequenglements.
Critically, the internal representationthemselesadapt
soasto provide andmale effective useof this context in-
formation,enablingthe systemto learnto represenand
retainrelevantinformationacrosamultiple time scales.
An issueof centralrelevancein the studyof cognition
is the natureof the underlyingrepresentatiorof infor-
mation. Connectionistmodelsdivide roughly into two
classesdependingon the natureof the representations
thatareemployed. In alocalist representatiorgachunit
correspondgo a distinct, familiar entity suchas a let-
ter, word, concept,or proposition(seePage,2000). By
contrastjn adistributedrepresentatiorsuchentitiesare
encodednot by individual units, but by alternatve pat-
ternsof activity overthesamegroupof units,sothateach
unit participatesn representingnary entities(seeHin-
ton, McClelland,& Rumelhart,1986). It is importantto
note that a representatiois localist or distributed only
with respecto a specificsetof entities;the samerepre-
sentatiorcanbelocalistwith respecto someentitiesand
distributedwith respecto others.Both localistanddis-
tributedmodelsare“connectionist’in the sensethatthe
systems$ knowledgeis encodedn termsof weightson
connectiondetweerunits (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,
andword units. Units in eachlayer receie inhibitory
connectionfrom mutually exclusive alternatvesat the
sameletter(e.g.,M vs. T in thefirst letterposition);units
receve facilitatory connectiondrom units at other lev-
els representingconsistentinformation (e.g., M in the
first letter position and the unit for MAKE at the word
level). Interactive processingia theseconnectionplay
acritical rolein explaininganumberof context effectsin
perception suchasthe word superorityeffect (Reicher
1969).Analogousnodelsin thedomainsof spolenword
perception(TRACE; McClelland & Elman, 1986) and
production(Dell, 1986;Dell, Schwartz, Martin, Safran,
& Gagnon,1997)have alsobeenhighly influential.

More generally interactive localist modelsare often
termed constaint satisfactionnetworks, as units rep-
resentalternatve hypothesesand connectionweights
encodethe constraintsthat govern what combinations
of hypothesesonstitutegood solutions or interpreta-

tions. Constraintsatisfiction networks have beenap-

plied effectively in modeling dataon normal and im-

pairedfacerecognition(Burton,Young,Bruce,Johnston,
& Ellis, 1991), syntacticambiguity resolution(Spivey

& Tanenhaus1998), and analogicalreasoning(Hum-

mel & Holyoak, 1997; Thagard,1989). An interesting
subclas®f modelsemplogys a secondeal valuefor each
unit, analogougo the phaseof periodicfiring of a neu-
ron. Synchroy amongthesevaluesallows multiple sta-
ble coalitionsof active unitsto be boundtogetherwith-

outinterferingwith eachother Synchrol-binding net-

works have beenappliedto objectrecognition(Hummel
& Biedermanl1992)andto inferentialreasoningShastri
& Ajjanagaddel1993).

Becausdocalist modelsstipulatethe form and con-
tent of representationsthey tend to de-emphasizehe
role of learning. Somelocalistmodelsdo, however, ad-
dresslearningphenomenaA notableexampleis Adap-
tive Resonancé heory (ART; Carpenter& Grossbeyg,
1987), which hasbeenappliedto a wide rangeof per
ceptualand cognitive domains,including someaspects
of frontal lobeimpairmentgLevine & Prueitt,1989).In
ART, avigilanceparametecontrolswhenthegoodness-
of-fit betweerthecurrentstimuli andstoredexemplarss
sufficiently poorthatanew exemplarmustbe created A
closely relatedframeawvork, compound-cueingnetworks
(Houghton& Tipper, 1996),hasbeenappliedto a num-
berof sequentiadomains,ncluding priming andimme-
diate serialrecall. In fact, mary of the exemplarbased
models(e.g.,Kruschle, 1992)canbecastaslocalistcon-
nectionistmodels.

Another learning framework, falling someavhat be-
tweenlocalistanddistributedmodels,s Self-Organizing
Maps, alsoknown as Kohonennetworks (seeKohonen,
1984). Internalunitsareorganizedtopographicallyusu-
ally in a two-dimensionakheetanalogoudo an areaof
cortex. The unit that respondsmost strongly to each
input updatest weightsto respondeven more strongly
to thatinput on subsequenpresentations—arocedure
known as competitve learning (Rumelhart& Zipser,
1985). In addition, the neighborsof the maximally re-
spondingunit alsoupdatetheir weights,biasingthemto
respondo similar stimuli. As aresult,unitsbecomeas-
signedto stimuli in sucha way thatthe similarity struc-
ture amongthe inputshecomedayedout over the topo-
graphicorganizatiorof theunits. Beyondbeingusefulas
atechniquéor dimensionalityreductionanddatavisual-
ization, Kohonennetworks have beenappliedto a num-
berof aspect®f lexical, syntacticandsemantiqrocess-
ing (Miikkulainen, 1993,1997;Schyns,1991).

DistributedModels

Although localist modelshave beenhighly influen-
tial, mary recentconnectionistmodelsrely on proper
ties of distributed representations Although suchrep-
resentationsare more difficult to think about, they of-
fer a rich and powerful basisfor understandindearn-
ing, generalization,and the flexibility and productv-
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ity of cognition (Gelder 1990). The key to the effec-
tivenes=f distributedrepresentations the useof pat-
ternswhosesimilarity relationscorrespondo the simi-
laritiesin therolesthe patternsplay in cognition, given
that similar patternstendto have similar consequences
in connectionistmodels(seeHinton et al., 1986). In
very simpletasks,the similarities amongthe represen-
tationsprovided by the ervironmentmay be sufficientto
guidebehaior. However, in mostcognitive domainsthe
functional relationshipsthat must govern effective per
formanceare often quite differentfrom the similarities
amongsurfaceforms. For example,the wordscaT and
CAP look andsoundvery similar but have entirely unre-
lated meanings.Consequentlythe inputsto the system
mustbe re-representedherhapsvia successie transfor
mationsacrossmultiple intermediatdayersof units, as
new patternsof actiity whoserelative similarities ab-
stractaway from misleadingsurfacesimilarity and, in-
stead,capturethe underlying structureof the domain.
Distributed representationgan also be usedto imple-
mentmorecomple, relationalknowledgestructuredik e
framesandscriptsif units encodeconjunctionsof roles
and propertiesof role-fillers—in fact, suchrepresenta-
tions emege naturally when networks are trained on
tasksin which entitiesenterinto multiple typesof re-
lations(seeHinton,1991).

Traditional approacheso understandingand model-
ing cognition typically make very strong and specific
assumptionsboutthe structureof theseinternalrepre-
sentationsaandthe processeshat manipulatethem. The
distributed connectionistapproach,by contrast,places
muchgreateemphasi®ntheability of asystento learn
effective internalrepresentationd.earningin a connec-
tionist network takesthe form of modifying the values
of weightson connectiondetweenunits in responsdo
feedbackon the behaior of the network. A variety of
specifidearningprocedureareemployedin connection-
ist research;most that have beenappliedto cognitive
domainssuchasback-propagatiofiRumelhartHinton,
& Williams, 1986) take the form of error correction:
Changeeachweightin a way thatreduceghe discrep-
ang/ betweerthe correctresponsédo eachinput andthe
one actually generatedby the system. In this process,
internalrepresentationsver hiddenunits arelearnedby
calculatinghow to changeeachunit’s activation to re-
duceerrorandthenmodifying its incomingweightsac-
cordingly  Although it is unlikely that the brain im-
plementsback-propagationn ary direct sense(Crick,
1989),thereare more biologically plausibleprocedures
that are computationallyequialent(see,e.g., O'Reilly,
1996).

Theemphasi®nlearningwithin theconnectionistap-
proachhasfundamentalimplications for the natureof
the explanationsofferedfor cognitive behaior. Instead
of attemptingto stipulatethe specificform and content
of the knowledgerequiredfor performancen a domain,
theapproachnsteadstipulateghetasksthe systemmust
perform,includingthe natureof therelevantinformation

in the ervironment, but thenleavesit up to learningto

develop the necessarynternal representationand pro-

cessegMcClelland,St.Johng& Taraban1989).In some
contets, theresultingsolutionmaybeara closerelation-
shipto moretraditionalmechanismsput it is moreoften

the casethat learningdevelopsrepresentationand pro-

cessesvhich areradically differentfrom thoseproposed
by traditional theories,and which generatenovel hy-

pothesesndtestableredictionsconcernincghumancog-

nitive behaior. Distributed connectionistmodelshave

beenappliedto the full rangeof perceptual,cognitive,

andmotordomaingseeMcClelland,Rumelhart& PDP
ResearchGroupl986; Quinlan, 1991; McLeod, Plun-

kett, & Rolls, 1998).

In an early applicationof errorcorrectinglearning,
Rumelhartand McClelland (1986) shaoved that a single
network could learnto generatehe past-tenséorms of
bothregularandirregularEnglishverbsfrom theirstems,
therebyohviating the needfor dual rule-basedand ex-
ceptionmechanismgPinker, 1984,1991). Although as-
pectsof the approachwere strongly criticized (Pinker
& Prince, 1988), mary of the specific limitations of
themodelhave beenaddresseih subsequergimulation
work (see,e.g.,MacWhinng & Leinbach,1991; Plun-
kett & Marchman,1993,1996). More recently Joanisse
andSeidenbeay (1999)developeda connectionismodel
of past-tenséormationin which representationsf input
phonology outputphonology andsemanticsll interact
in performinglexical tasks.Whenthenetwork wastested
onpast-tensgenerationsemanticddamagempairedper
formancemorefor irregularverbsthanfor regularverbs
or novel verbs,whereasphonologicaldamagempaired
performancemorefor novel verbsthanfor regularor ir-
regularverbs.Thesefindingscorrespondo thedissocia-
tionsobseredby Ulimanetal. (1997)with Alzheimer’s
diseaseand Parkinsons diseaserespectiely, 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 (Seidenbeg & McClelland, 1989) provided
a good accountof word readingbut was poor at pro-
nouncingword-like pseudavords (e.g., MAVE; Besner
Twilley, McCann,& Seegobin, 1990). A morerecent
seriesof simulations(Plaut,McClelland,Seidenbey, &
Patterson1996) shaoved that the limitations of this pre-
liminary model stemmednot from ary generalfailing
of connectionisnetworks, but from the model’s useof
poorly structuredorthographicand phonologicalrepre-
sentations. When representationsvere usedthat con-
densethe regularitiesbetweenorthographyand phonol-
ogy by incorporatinggraphotactiand phonotacticcon-
straints,networks were ableto learnto pronounceboth
regular and exception words, and yet also pronounce
pseudwordsaswell asskilled readers.Whenthe mod-
els are damagedn variousways, they exhibit the ma-
jor forms of acquireddyslexia, including deepdyslexia
in which patientsmake semanticerrorsin readingaloud
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(e.g., misreadingyACHT as“boat”; Hinton & Shallice,
1991; Plaut& Shallice,1993), and surfacedyslexia in
which patientsproduceregularizationerrorsto excep-
tion words(e.g.,misreadingrACHT as“yatched”; Plaut,
1997;Plautet al., 1996). Moreover, retrainingthe dam-
agedmodelsyields patternsof recovery andgeneraliza-
tion thatarequalitatively similar to thosefoundin cogni-
tiverehabilitationstudieqPlaut,1996).A fully recurrent
network operatingaccordingto very similar principles,
but with an additionalattentionalmechanismhasbeen
usedto accounfor theinteractionof bothperceptuaand
lexical/semantidactorsin the readingerrorsof neglect
dyslexic patientsMozer & Behrmann,1990).

Although fully recurrent networks are capable of
learningto exhibit complex temporalbehaior, for rea-
sonsof efficiengy it is more commonto apply simple
recurrentnetworks in temporaldomains. For example,
Elman(1991)demonstratethat a simplerecurrentnet-
work could learnthe structureof an English-like gram-
matr, involving numberagreemenand variableverb ar-
gumentstructureacrossmultiple levels of embedding,
by repeatedlyattemptingto predict the next word in
processingsentencegseealso Rohde& Plaut, 1999).
St.JohrandMcClelland(1990)alsoshaved,for asome-
whatsimplercorpus how suchnetworkscanlearnto de-
velop a representatiof sentencaneaningby attempt-
ing to answergquerieghematicrole assignmentthrough-
outthe courseof processing sentenceCleeremanand
McClelland (1991) demonstratedhat simple recurrent
networks could accountfor a numberof phenomenae-
lated to implicit learningof sequentiaktructuregener
atedby artificial grammars.

One of the main attractionsof distributed connec-
tionist modelssuchas theseis their ability to discover
the structureimplicit in ensemblesf eventsandexperi-
ences(seealso McClelland & Rumelhart,1985). Ac-
complishingthis, however, requiresmaking only very
small changesdn responsédo eachinput so that the re-
sultingweightvaluesreflectthelong-termexperienceof
thesystem Attemptsto teachsuchnetworkstheidiosyn-
cratic propertiesof specificeventsoneafterthe otherdo
not generallysucceedsincethe changesnadein learn-
ing eachnew caseproduce“catastrophicinterference”
with what was previously storedin the weights (Mc-
Closkey & Cohen,1989). McClelland, McNaughton,
andO’'Reilly (1995)obsenred,however, thatcatastrophic
interferencedoesnot occurif continuedtraining of old
knowledgeis interleavedwith thetrainingof new knowl-
edge.They proposedhatthebrainemplgystwo comple-
mentarylearningsystems:a cortical systemfor gradual
learningusinghighly overlappingdistributedrepresenta-
tions, and a subcortical, hippocampal-basesdystemfor
rapidlearningusingmuchsparserless-werlappingrep-
resentations.On their account,storedinstancesn the
hippocampusprovide the training input for pastexperi-
encethat must be interleared with ongoing experience
to preventinterferencen cortex. Theamgumentwasthat
learningin cortex andin distributed networks are sim-

ilarly constrainedso that the strengthsand limitations
of structure-sensitelearningin networksexplainedwhy
the brain employs two complementaryearningsystems
in hippocampusndneocorte.

Summary

A broadrangeof computationaformalismshave been
employedin the serviceof developingsimulationsof hu-
man cognitive processes.Someof these,suchas pro-
duction systemsand discriminationnets, are basedon
the applicationof symbolicrules, whereasothers,such
asdistributedconnectionishetworks,arebasecdn puta-
tive principlesof neuralcomputation.While the former
have provided importantinsightsinto high-level cogni-
tive processesuch as problem solving and reasoning,
thelatter have proven moreusefulin understandingpow
disordersof brainfunction canleadto disordersof cog-
nition. Although computationamodelingoffersimpor-
tanttoolsfor theorydevelopmentjt is mostusefulwhen
computationabndempiricalstudiesarecarredoutin an
integrated mutuallyinforming manner
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