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Researchersinterestedin humancognitiveprocesseshave
longusedcomputersimulationsto try to identify theprin-
ciplesof cognition.Thestrategy hasbeento build compu-
tationalmodelsthatembodyputative principlesandthen
to examinehow well suchmodelscapturehumanperfor-
mancein cognitive tasks.Until the1980’s,thiseffort was
undertakenwithin thecontext of the“computermetaphor”
of mind. Researchersbuilt computationalmodelsbased
on the conceptualizationthat the humanmind operated
asthoughit werea conventionaldigital computer. How-
ever, with the advent of so-calledconnectionist,neural
network, or parallel distributed processingmodels(An-
derson,Silverstein,Ritz,& Jones,1977;Hinton& Ander-
son,1981;McClelland& Rumelhart,1981;McClelland,
Rumelhart,& the PDP ResearchGroup, 1986; Rumel-
hart, McClelland, & the PDP ResearchGroup, 1986b),
researchersbeganexploringtheimplicationsof principles
thataremorebroadlyconsistentwith thestyleof compu-
tationemployedby thebrain.

In connectionistmodels,cognitive processestake the
form of cooperative andcompetitive interactionsamong
large numbersof simple, neuron-like processingunits.
Unit interactionsaregovernedby weightedconnections
that encodethe long-termknowledgeof the systemand
arelearnedgraduallythroughexperience.Theactivity of
someof the units encodesthe input to the system;the
resultingactivity of otherunits encodesthe system’s re-
sponseto that input. The patternsof activity of the re-
maining,so-calledhiddenunits constitutelearned,inter-
nal representationsthatmediatebetweeninputsandout-
puts.While eachunit exhibitsnon-linearspatialandtem-
poralsummation,unitsandconnectionsarenot generally
consideredto be in one-to-onecorrespondencewith ac-

tual neuronsandsynapses.Rather, connectionistsystems
attemptto capturetheessentialcomputationalproperties
of the vast ensemblesof real neuronalelementsfound
in the brain, throughsimulationsof smallernetworks of
units. In this way, the approachis distinct from compu-
tational neuroscience(Sejnowski, Koch, & Churchland,
1989),whichaimsto modelthedetailedneurophysiology
of relatively smallgroupsof neurons.Althoughthecon-
nectionistapproachusesphysiologicaldatato guide the
searchfor underlyingprinciples,it tendsto focusmoreon
overall systemfunctionor behavior, attemptingto deter-
minewhatprinciplesof brain-stylecomputationgive rise
to thecognitive phenomenaobservedin humanbehavior.
Theapproachenablesdevelopmental,cognitive andneu-
robiologicalissuesto be addressedwithin a single,inte-
gratedformalism,providing new waysof thinking about
how cognitiveprocessesareimplementedin thebrainand
how disordersof brain function leadto disordersof cog-
nition.

Thesimpleststructurefor a connectionistnetwork is a
feedforward architecture,in which informationflowsuni-
directionallyfrom inputunitsto outputunits,typically via
oneor morelayersof hiddenunits. Although suchnet-
workscanprovideimportantinsightsinto many cognitive
domains,they areseverelylimited in their ability to learn
andprocessinformationover time,andthusarerelatively
ill-suitedfor domains,suchaslanguage,thatinvolvecom-
plex temporalstructure(Elman,1990). A more appro-
priate type of network for suchdomainsis a recurrent
architecture,with no a priori constraintson interactions
amongunits. In one type of recurrentnetwork, termed
anattractor network, units interactin sucha way that,in
responseto a fixed input, the network asa wholegradu-
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ally settlesto a stablepatternof activity representingthe
network’s interpretationof the input (includingany asso-
ciatedresponse).Recurrentnetworks can also learn to
processsequencesof inputsand/orto producesequences
of outputs. For example,in a simplerecurrent network
(Cleeremans,Servan-Schreiber, & McClelland,1989;El-
man,1990,1991),theinternalrepresentationgeneratedby
agivenelementof asequenceis madeavailableasinputto
providecontext for processingsubsequentelements.Crit-
ically, the internalrepresentationsthemselvesadaptsoas
to provideandmakeeffectiveuseof thiscontext informa-
tion, enablingthe systemto learnto representandretain
relevantinformationacrossmultiple timescales.

In fact, an issueof central relevancein the study of
cognition in general,and languagein particular, is the
natureof the underlying representationof information.
Someconnectionistmodelsuse localist representations,
in which individual units standfor familiar entitiessuch
as letters,words,concepts,andpropositions(e.g.,Dell,
1986;McClelland& Rumelhart,1981). Othersusedis-
tributed representationsin which suchentitiesarerepre-
sentedby alternative patternsof activity over largenum-
bersof units ratherthan by the activity of a singleunit
(e.g.,Hinton& Shallice,1991;Seidenberg& McClelland,
1989).Althoughdistributedrepresentationsaremoredif-
ficult to think about,they offer a rich andpowerful basis
for understandinglearning,generalization,andthe flexi-
bility andproductivity of cognition(vanGelder, 1990).

The key to the effectivenessof distributedrepresenta-
tionsis theuseof patternswhosesimilarity relationscor-
respondto thesimilaritiesin therolesthepatternsplay in
cognition,giventhatsimilar patternstendto have similar
consequencesin connectionistmodels(seeHinton, Mc-
Clelland,& Rumelhart,1986, for discussion).1 In very
simple tasks,the similarities amongthe representations
provided by the environmentmay be sufficient to guide
behavior. However, in mostcognitive domains,suchas
language,the functional relationshipsthat must govern
effective performanceare often quite different from the
similaritiesamongsurfaceforms.For example,thewords
CAT and CAP look andsoundvery similar but have en-
tirely unrelatedmeanings. Consequently, the inputs to
the systemmust be re-represented,perhapsvia succes-
sive transformationsacrossmultiple intermediatelayers
of units,asnew patternsof activity whoserelativesimilar-
itiesabstractawayfrommisleadingsurfacesimilarityand,
instead,capturethe underlyingstructureof the domain.

1This propertyarisesbecausethe input to eachunit is typically a
weightedsumof theactivationsof unitsfrom which it receivesconnec-
tions.A similarpatternof activity overthesendingunits,summedacross
the sameweights,will generallyproducea similar input to the receiv-
ing unit and,hence,asimilaractivation. Thisbiastowardgiving similar
responsesto similar inputscanbeovercomeby having largeweightson
particularconnections,but this takes time to develop andwill happen
only if it is requiredto performthetask.

Traditionalapproachesto understandingcognitionmake
very strongandspecificassumptionsaboutthe structure
of theseinternal representationsand the processesthat
manipulatethem. For example,it is often assumedthat
underlyinglinguisticknowledgetakestheform of explicit
rules which operateover discrete,symbolic representa-
tions(Chomsky, 1957;Chomsky & Halle,1968;Fodor&
Pylyshyn,1988; Pinker, 1991) and, moreover, that this
knowledgeis, in largepart, innatelyspecified(Chomsky,
1965;Crain,1991;Pinker, 1994).

By contrast,the connectionistapproachplacesmuch
greateremphasison theability of a systemto learneffec-
tive internalrepresentations.Learningin a connectionist
network takestheformof modifyingthevaluesof weights
on connectionsbetweenunits in responseto feedbackon
thebehavior of thenetwork. A varietyof specificlearning
proceduresareemployedin connectionistresearch;most
thathavebeenappliedtocognitivedomains,suchasback-
propagation(Rumelhart,Hinton,& Williams,1986a)take
theform of errorcorrection:Changeeachweightin away
thatreducesthediscrepancy betweenthecorrectresponse
for agiveninputandtheoneactuallygeneratedby thesys-
tem. In this process,internalrepresentationsover hidden
unitsarelearnedby calculatinghow to changeeachunit’s
activationto reduceerrorandthenmodifyingits incoming
weightsaccordingly. Althoughit is unlikely thatthebrain
implementsback-propagationin any direct sense(Crick,
1989), thereare more biologically plausibleprocedures
that are computationallyequivalent (see,e.g.,O’Reilly,
1996).

Theemphasison learningwithin theconnectionistap-
proachhasfundamentalimplicationsfor thenatureof the
explanationsofferedfor cognitivebehavior. Insteadof at-
temptingto stipulatethespecificform andcontentof the
knowledgerequiredfor performancein a domain,theap-
proachinsteadstipulatesthe tasksthe systemmustper-
form, including the natureof the relevant informationin
the environment,but thenleavesit up to learningto de-
velopthenecessaryinternalrepresentationsandprocesses
(McClelland,St. John,& Taraban,1989). In somecon-
texts, theresultingsolutionmaybeara closerelationship
to moretraditionalmechanisms,but it is moreoften the
casethat learningdevelopsrepresentationsandprocesses
which areradicallydifferentfrom thoseproposedby tra-
ditional theories,and which generatenovel hypotheses
andtestablepredictionsconcerninghumancognitive be-
havior.

Connectionistmodels have been applied to the full
rangeof perceptual,cognitive, and motor domains(see
McClellandet al., 1986;Quinlan,1991;McLeod,Plun-
kett, & Rolls, 1998). It is, however, in their applica-
tion to languagethat they have evoked the most interest
andcontroversy(see,e.g.,Pinker & Mehler, 1988). This
is perhapsnot surprisingin light of the specialrole that
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languageplays in humancognitionand culture. It also
stemsin part from the considerabledivergenceof goals
andmethodsbetweenlinguistic versuspsychologicalap-
proachesto the studyof language.This rift goesdeeper
thanasimpledichotomyof emphasizingcompetencever-
sus performance(Chomsky, 1957); it cuts to the heart
of the questionof what it meansto know andusea lan-
guage(Seidenberg,1997).Froma connectionistperspec-
tive, performanceis not an imperfectreflectionof some
abstractcompetence,but ratherthebehavioral manifesta-
tion of theinternalrepresentationsandprocessesof actual
languageusers:languageis aslanguagedoes. The goal
is not to abstractaway from performancebut to articulate
computationalprinciplesthataccountfor it.

A majorattractionof theconnectionistapproachto lan-
guage,apart from its natural relation to neuralcompu-
tation, is that the very sameprocessingmechanismsap-
ply acrossthe full rangeof linguistic structure,includ-
ing phonology, morphology, andsyntax. The remainder
of this paperdiscussesthreespecificconnectionistmod-
els, eachappliedto oneof theselevels. The first model
(Plaut& Kello, in press)is directedat centralissuesin
phonologicaldevelopment,the second(Joanisse& Sei-
denberg, 1998) accountsfor neuropsychologicaldatain
inflectional morphology, and the third (St. John& Mc-
Clelland,1990) addressesthe integration of syntaxand
semanticsin sentencecomprehension.Beyondtheuseof
commoncomputationalmachinery, thesemodelsareall
similar in thatthey they learninternalrepresentationsthat
mediatebetweeninputandoutputsurfaceformsandtheir
underlyingmeanings.Noneof themprovidesa fully ad-
equateaccountof the relevantphenomenain its domain.
Nonetheless,they collectively illustrateboth the breadth
anddepthof theapproach.Theconcludingsectionhigh-
lightssomeof thelimitationsof currentmodelsandiden-
tifies importantdirectionsfor futureresearch.

PhonologicalDevelopment:
Plaut and Kello (in press)

Phonologyis concernedwith thesoundstructureof a lan-
guage,andwith how contrastsin meaningareconveyed
by contrastsin the surfaceforms of words. The devel-
opmentof phonologicalrepresentationsplaysa key role
in theacquisitionof bothspeechcomprehensionandpro-
duction. In comprehension,time-varying acousticinput
mustbemappedontoastablerepresentationof themean-
ing of the utterance.This processposesa considerable
challengeto theinfantdueto theconsiderablevariability
in the speechsignalacrosstalkersandcontexts, andbe-
cause,at themorphemiclevel, therelationshipof spoken
words to their meaningsis largely arbitrary. In produc-
tion, a meaningrepresentationmustgenerateappropriate
time-varying articulatoryoutput. Here, the infant must
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Figure 1. The architectureof the simplerecurrentnet-
work usedby Plaut and Kello (in press). Solid arrows
indicatestandardprojectionsof full connectivity between
groups; dashedarrows indicate projectionsfrom “con-
text” unitswhosestatesarecopiedfrom theprevioustime
step. For the sake of clarity, context projectionsarede-
picted as coming from the sourceof the copied states
ratherthan from separatecontext units. The numberof
unitsin eachgroupis givenin parentheses.(Adaptedfrom
Plaut& Kello, in press)

learnto producecomprehensiblespeechwithout any di-
rectfeedbackor instructionfrom caretakersasto whatar-
ticulatory movementsare requiredto produceparticular
soundpatterns.Moreover, althoughabilities in compre-
hensiontendto precedethosein production(seeJusczyk,
1997; Vihman, 1996, for reviews) thesetwo processes
mustnonethelessconverge on a mutually consistentso-
lution to ensurethat the infant comesto speakthe same
language(s)thathe/shehears.

Plaut and Kello (in press) proposeda connection-
ist framework for phonologicaldevelopmentin which
phonologyis a learned,internalrepresentationthatmedi-
atesamongacoustic,articulatory, andsemanticrepresen-
tationsin theserviceof bothcomprehensionandproduc-
tion. In supportof theframework, PlautandKello devel-
opedanimplementationin theform of a simplerecurrent
network, depictedin Figure1, that learnedto understand
andproduceisolatedspokenwordsin theabsenceof ex-
plicit articulatoryfeedback

Theframework instantiatestwo key assumptions.The
first is that both comprehensionandproductionaresub-
served by the sameunderlyingphonologicalrepresenta-
tions. Theserepresentationsdevelop initially underthe
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pressureof mappingacousticsto semanticsin thecourse
of learningto understandadult speech,but becomein-
creasinglyrefinedby articulatoryfactorsasskill in pro-
ductiondevelops.By sharingcommonunderlyingphono-
logical representations,structurelearnedin theserviceof
comprehensionis availableto guideproduction(seeVih-
man,1996),andrefinementsdrivenby thedemandsof ar-
ticulationautomaticallyapplywithin comprehension(see
Liberman,1996).

The secondkey assumptionis that feedbackneeded
to guide the developmentof speechproduction is de-
rived from the comprehensionsystem—thatis, from the
acoustic,phonological,andsemanticconsequencesof the
system’s own articulations(Locke,1983;Menn& Stoel-
Gammon,1995;Studdert-Kennedy, 1993). This can be
accomplishedby first learninganinternalforward model
of thephysicalprocessesrelatingspecificarticulationsto
the acousticsthey produce(Jordan& Rumelhart,1992;
Perkell et al., 1995). Sucha model can be learnedby
executinga variety of articulations,predictinghow they
will sound,andthenadaptingthemodelbasedonthedis-
crepancy or error betweenthis predictionandthe actual
resultingacoustics. In the infant, the forward model is
assumedto developprimarily asa resultof canonicaland
variegatedbabblingin thesecondhalf of thefirst year(see
Vihman,1996, for review, and Houde& Jordan,1998,
for empiricalsupportfor theexistenceof sucha forward
model).

Theimportanceof learninganarticulatory-acousticfor-
wardmodelis that it canbeusedto convert acousticand
phonologicalfeedback(i.e,whetheranutterancesounded
right) into articulatoryfeedbackthatcanimprove speech
production. The approachassumesthat learningto pro-
ducespeechtakesplacelargely in thecontext of attempts
to imitate adult speech. In imitation, the systemfirst
derivesacousticandphonologicalrepresentationsfor an
adultutteranceduringcomprehension.It thenusesthere-
sultingphonologicalrepresentationasinput to generatea
sequenceof articulatorygestures.Thesegestures,when
executed,resultin acousticswhich arethenmappedback
ontophonologyvia thecomprehensionsystem.Thedis-
crepanciesbetweenthe resultingrepresentationsandthe
original acousticandphonologicalrepresentationsgener-
atedby theadultconstitutetheerrorsignalsthatultimately
drivearticulatorylearning.In orderfor this to work, how-
ever, these“distal” errorsin acousticsandphonologymust
be convertedto “proximal” errors in articulation. This
is doneby propagatingphonologicaland acousticerror
acrossthe forwardmodelto derive errorsignalsover ar-
ticulatory states. Theseerror signalsare then usedto
adapttheproductionsystem(i.e.,themappingfrom stable
phonologicalrepresentationsontoarticulatorysequences)
to betterapproximatetheacousticsandphonologygener-
atedby theadult.

Theimplementationdevelopedby PlautandKello nec-
essarilyincorporateda numberof simplificationsto keep
computationaldemandswithin reasonablelimits. Two of
theseare most critical. First, the implementationused
discreterather than continuoustime. The time-varying
acousticinput andarticulatoryoutputweredescribedin
termsof sequencesof eventsmarking points of signifi-
cantchange.Therewereapproximatelyasmany eventsin
an utteranceasphonemes(plosives,affricatesanddiph-
thongscorrespondedto two events)although,dueto coar-
ticulatory influences,informationabouta given segment
wasspreadoutoveranumberof adjacentevents.

Second,the implementationusedartificial ratherthan
real speech. Acousticeventswere encodedin termsof
tenvariables:thefirst threeformants(1–3)andtheir rates
of change(4–6),amountof frication (7) andbursting(8),
loudness(9), anddegreeof jaw openness(10). The last
variableis, strictly speaking,visual/proprioceptiverather
thanacousticbut hasbeenshown to bea importantsource
of informationin infantspeechacquisition(Locke,1995;
Meltzoff & Moore,1977).Articulatoryeventsweresimi-
larly encodedin termsof six variables:degreeof oral (1)
andnasalconstriction(2), placeof oral constriction(3),
tongueheight(4) andbackness(5),andamountof voicing
(6). Finally, thephysicalprocessesrelatingarticulationto
acousticswereapproximatedby asetof complex, coupled
equationsthatmapany combinationof valuesfor thear-
ticulatoryvariablesontothecorrespondingvaluesfor the
acousticvariables.Considerableeffort wasspentto make
theserepresentationsandequationsasrealisticaspossi-
ble while stayingwithin theconstraintsof computational
efficiency.

In the simulation,the valueof eacharticulatoryvari-
ablewasrepresentedby thedifferencein activity between
contrastingunits(correspondingto theendsof thecontin-
uum).Eachacousticvaluewasrepresentedby themeanof
aGaussianpatternof activity overabankof twelveunits;
the total activity of theGaussianencodedthestrengthof
theinformation.For illustrationpurposes,Figure2 shows
the articulatoryandacousticrepresentationsfor the clo-
sureandreleaseof the ����� in theword SPIN.

The training vocabulary for the network was the 400
highestfrequency monosyllabicnounsand verbsin the
Brown corpus(Kučera& Francis,1967)with atmostfour
phonemes(mean= 3.42).Wordswereselectedfor presen-
tationduringtrainingin proportionto a logarithmicfunc-
tion of their frequency of occurrence.

The network underwent three kinds of training
episodes:babbling,comprehension,andimitation. Inten-
sionalnamingis alsomentionedbecausethenetwork was
testedon this task even thoughit was not trainedon it
explicitly.

Babbling. Babblingserved to train the articulatory-
acousticforward model (seeFigure1). Pseudo-random
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Figure 2. The articulatory(left) andacoustic(right) eventscorrespondingto the closureandreleaseof ����� in an
utteranceof theword SPIN. (Adaptedfrom Plaut& Kello, in press)

articulatorysequences,designedto mimic a biastoward
mandibular (jaw) oscillation in infants (MacNeilage&
Davis, 1990), were generatedand passedthrough the
articulation-to-acousticsequationsto producea sequence
of acousticpatterns.The articulationsalsoservedasin-
put to the forward model, which generateda sequence
of predictedacousticpatterns.The discrepancy or error
betweenthe actualand predictedacousticsat eachstep
wasthenback-propagatedthroughtheforwardmodeland
usedto adjustits connectionweightsto improve its abil-
ity to predicttheacousticoutcomesof thegivenarticula-
tions. In thisway, theforwardmodelgraduallylearnedto
mimic thephysicalmappingfrom articulatorysequences
to acousticsequences(asinstantiatedby thearticulation-
to-acousticsequations).

Comprehension. Comprehensioninvolved deriving
the semanticrepresentationof a word from the acous-
tic sequenceproduced by an adult utteranceof the
word. Adult utterancesweregeneratedby applying the
articulation-to-acousticsequationsto the sequencesof
canonicalarticulatoryeventsfor words,subjectto intrin-
sicvariability andcoarticulation.Eachresultingsequence
wasthenmappedfrom acousticsvia phonologyto seman-
tics,andtheerrorbetweenthegeneratedsemanticsateach
stepand the correctsemanticsfor the word was back-
propagatedto changetheweightsbetweenacousticsand
semantics.2 Gradually, thenetwork learnedto activatethe
correctsemanticpatternfor theacousticsequencescorre-
spondingto eachword; in doing so, the final patternof
activity overphonologyconstitutedthenetwork’s internal
phonologicalrepresentationof theword.

Imitation. Imitation involved using a phonological
representationderived from an adult utteranceas input
to drivearticulation,andcomparingtheresultingacoustic

2The semanticrepresentationsweregeneratedartificially to cluster
into categoriesandassignedto wordsrandomly(seePlaut& Kello, in
press,for details).Althoughtherelationshipbetweenthesurfaceforms
of wordsandtheir meaningswasarbitrary, no attemptwasmadeto ap-
proximatetheactualmeaningsof thewordsthemselves.

andphonologicalrepresentationswith thoseof the adult
utterance.Specifically, after hearingan adult utterance,
thenetwork usedits derivedphonologicalrepresentation
asinput to generatea sequenceof articulatoryrepresen-
tations. This sequencewas then mappedboth by the
forward model to generatepredictedacoustics,and by
the articulation-to-acousticsequationsto generateactual
acoustics.The latter were in turn mappedvia the com-
prehensionsystemto phonology(andsemantics).Theer-
ror betweentheacousticandphonologicalrepresentations
generatedby thenetwork andthosegeneratedby theadult
was then back-propagatedfrom phonologyto acoustics
and then back acrossthe forward model to derive error
feedbackfor articulation. (Note that the forward model
plays the critical role hereof converting acousticerror
into articulatoryerror.) This feedbackwas then back-
propagatedto phonologyandusedto modify theweights
in the productionsystemto improve its ability to repro-
ducetheacousticsandphonologyof theadultutterance.

Notethat,in learningto imitate,thenetwork isprovided
only with theacousticsof adultutterances.It mustlearn
to adaptits own articulationsbasedsolelyonhow similar
to theadultutterancesthey sound.

Intentional naming. Intentional naming involved
generatingan articulatorysequencegiven the semantic
representationof a word asinput. Althoughthenetwork
wasnot trainedspecificallyto performthis task,it canbe
testedon it in a way that is similar to imitation. Theonly
differenceis thattheinitial phonologicalrepresentationis
generatedfrom semanticstop-down ratherthanfrom an
adultutterancebottom-up.

The network wastestedfor its ability to comprehend,
imitate,andintentionallynamewordsafterevery500,000
word presentations,up to a total of 3.5M (million) pre-
sentations.3 Figure3 shows the levels of correctperfor-

3Althoughthis mayseemlike anexcessive amountof training,chil-
drenspeakupto 14,000wordsperday(Wagner, 1985),or over5 million
wordsperyear.
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Figure 3. Correctperformanceof the Plaut and Kello
(in press)network on comprehension,imitation, andin-
tentionalnaming,over the courseof training. (Adapted
from Plaut& Kello, in press)

manceon thesetasksover thecourseof training. Perfor-
mancewasmeasuredin termsof whetherthe semantics
generatedby thenetwork wasmoresimilar to thecorrect
semanticsof the word than to thoseof any other word.
Comprehensionperformanceimprovedrelatively rapidly,
reaching84.3% correct by 1M word presentationsand
99.6%by 3.5M presentations.This level of performance
is impressive given the lack of systematicityin themap-
ping betweenacousticsandsemanticsandthe consider-
able intrinsic variability of adult utterances.Relative to
comprehension,productiondevelopedmoreslowly: the
network wasonly 54.2%correctat imitation by 1M pre-
sentations,althoughit did achieve91.7%correctby 3.5M
presentations.Intentionalnamingwasslightlypoorerthan
imitation throughouttraining,eventuallyreaching89.0%
correct. This is not surprisingasthe taskinvolvesmap-
ping throughthe entirenetwork andwasnot trainedex-
plicitly.

Thus, the network achieved quite good performance
at both comprehensionand production. The fact that
comprehensionprecedesproductionin the model stems
directly from the fact that learning within the produc-
tion systemis drivenby comparisonsoverrepresentations
within the comprehensionsystem.The excellentperfor-
manceon imitation demonstratesthat feedbackfrom the
comprehensionsystemvia a learnedforward modelcan
provideeffectiveguidancefor articulatorydevelopment.

PlautandKello alsocarriedout an analysisof the er-
rors producedby the network. In general,the network
showed a strongbias toward phonologicalsimilarity in
its errorscomparedwith the chancerate, for both com-
prehensionand imitation. At the phonemelevel, there
werefar moreerrorson consonantsthanon vowelsand,

amongconsonants,a relatively highererrorrateon frica-
tives,affricates(e.g., ����� ) and ����� (as in RING). These
errorsinvolved both additionsanddeletions;whenthey
weredeleted,they wereoften replacedby a plosive. In
fact,plosivesaccountedfor over half of the total number
of insertions. By contrast,the liquids ����� and ����� were
deletedoccasionally, but never inserted.Thesecharacter-
isticsarein broadagreementwith thepropertiesof early
child speecherrors(e.g.Ingram,1976).

In summary, PlautandKello (in press)developedacon-
nectionistframework in which phonologyis a learnedin-
ternalrepresentationmediatingboth comprehensionand
production,and in which comprehensionprovides pro-
duction with error feedbackvia a learnedarticulatory-
acousticforwardmodel.An implementationof theframe-
work, in the form of a simplerecurrentnetwork, learned
to comprehend,imitate,andintentionallynamea corpus
of 400monosyllabicwords. Moreover, thespeecherrors
producedby the network showed similar tendenciesas
thoseof youngchildren. Although only a first step,the
resultssuggestthattheapproachmayultimatelyform the
basisfor acomprehensiveaccountof phonologicaldevel-
opment.

Inflectional Mor phology:
Joanisseand Seidenberg (1998)

Thesecondexampleof aconnectionistmodelof language
processingis from recentwork by JoanisseandSeiden-
berg (1998) in the domainof English inflectional mor-
phology. Thepast-tensesystemof Englishverbsis aclas-
sic exampleof a quasi-regular domain,in which the re-
lationshipbetweeninputs and outputsis systematicbut
admitsmany exceptions. Thus, thereis a singleregular
“rule” (add–ed;e.g.,WALK � “walked”) andonly about
150 exceptions,groupedinto several clustersof similar
itemsthatundergoa similarchange(e.g.,SING � “sang”,
DRINK � “drank”) alongwith averysmallnumberof very
high-frequency, arbitrary forms (e.g., GO � “went”; By-
bee& Slobin,1982).

The traditional view of the languagesystem (e.g.,
Pinker, 1984,1991)is that thesystematicaspectsof lan-
guageare representedand processedin the form of an
explicit set of rules. Given that mostdomainsareonly
partiallysystematic,however, aseparatemechanism(e.g.,
anassociative network; Pinker, 1991)is requiredto han-
dle theexceptions.Thedistinctionbetweena rule-based
mechanismand an exception mechanism,eachoperat-
ing accordingto differentcomputationalprinciples,forms
thecentraltenetof so-called“dual-route”theoriesof lan-
guage.

RumelhartandMcClelland(1986)arguedfor analter-
native view of languagein which all itemscoexist within
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a singlesystemwhoserepresentationsandprocessingre-
flecttherelativedegreeof consistencyin themappingsfor
differentitems(alsoseeSeidenberg & McClelland,1989;
Plaut,McClelland,Seidenberg,& Patterson,1996).They
developeda connectionistmodelthat learneda directas-
sociationbetweenthephonologyof all typesof verbstems
andthe phonologyof their past-tenseforms. Pinker and
Prince (1988) and Lachterand Bever (1988), however,
pointedout numerousdeficienciesin themodel’s perfor-
manceand in someof its specificassumptions,and ar-
guedmoregenerallythat theapplicabilityof connection-
ist mechanismsin languageis fundamentallylimited (also
seeFodor & Pylyshyn,1988). Subsequentsimulation
work hasaddressedmany of the specific limitations of
the RumelhartandMcClellandmodel (Cottrell & Plun-
kett, 1991, 1995; Daugherty& Seidenberg, 1992; Ho-
effner, 1992;MacWhinney & Leinbach,1991;Plunkett&
Marchman,1991,1993,1996)andhasextendedthe ap-
proachto addresslanguagedisorders(Hoeffner & Mc-
Clelland,1993;Marchman,1993) and languagechange
(Hare& Elman,1995).

More recently, proponentsof dual-routetheorieshave
identified neuropsychologicaldissociationsin process-
ing regularversusirregularinflectionalmorphology, both
in the performanceof brain-damagedpatients(Marslen-
Wilson & Tyler, 1997; Ullman et al., 1997) and in the
regional cerebralblood flow of normal subjects(Jaeger
et al., 1996,althoughseeSeidenberg & Hoeffner, 1998,
for criticism). Thesedissociationshave beeninterpreted
by theseauthorsassupportingthe existenceof separate
mechanismsfor rule-governedversusexceptionalitems.
For example,Ullmanetal. (1997)foundthatpatientswith
Alzheimer’s diseasewererelatively impairedin generat-
ing the pasttenseof irregular verbs(60% correct)com-
paredwith regular verbs(89% correct)andnovel verbs
(e.g., CUG; 84% correct). By contrast,patientswith
Parkinson’sdiseasewererelatively impairedon thenovel
verbs(65% correct)comparedwith both the regular and
irregular verbs (80 and 88% correct, respectively). A
similar contrastin performanceon novel versusirregu-
lar verbsheld amongaphasicpatientswith eitherposte-
rior lesions(novel85%;irregular71%)or anteriorlesions
(novel 5%; irregular69%). Ullman andcolleaguesinter-
pretedthesefindingsasimplicatingtwo separatemecha-
nisms:a posterior“mentaldictionary” neededto retrieve
irregularinflections,andafrontal/basal-gangliagrammat-
ical rulesystemneededto inflectnovel verbs.

An alternative accountis that the doubledissociation
of novel versusirregular inflectionalmorphologyis due
to damageto differenttypesof informationwithin a sin-
gle mechanismthatprocessesall typesof items(alsosee
Plaut,1995). In particular, irregularmorphologymaybe
particularlysensitive to semanticdamagewhereasnovel
inflectionsmay be particularlysensitive to phonological

damage.In fact, the sameproposalasbeenmadein the
domainof word reading(Patterson& Hodges,1992;Pat-
terson& Marcel, 1992;Plautet al., 1996)whereanalo-
gousdissociationsoccur: surfacedyslexic patients(see
Patterson,Coltheart,& Marshall,1985)are impairedin
pronouncingexceptionwords (e.g., PINT) but not pseu-
dowords(e.g.,RINT), whereasphonologicaldyslexic pa-
tients (seeColtheart,1996) are impaired in pronounc-
ing pseudowords relative to both regular and exception
words. In fact, thereis independentevidencefor seman-
tic impairmentswith posterior (temporal) involvement
in Alzheimer’s disease(Schwartz, 1990) and in surface
dyslexic patients(Graham,Hodges,& Patterson,1994),
and for phonologicalimpairmentswith frontal involve-
ment in Parkinson’s patients(e.g., Grossman,Carvell,
Stern, Gollump, & Hurtig, 1992) and in phonological
dyslexic patients(Patterson& Marcel,1992).

Joanisseand Seidenberg (1998) developeda connec-
tionistsimulationof inflectionalmorphologyin supportof
this account.Thearchitectureof their network is shown
in Figure4. Note that it is broadlysimilar to the frame-
work proposedby PlautandKello (in press):spoken in-
put interactsvia a commoninternal representationboth
with semanticsand with spoken output. Here, though,
the surfaceforms of words are representedin more ab-
stractform. Inputandoutputphonologyarerepresentedin
termsof sequencesof phonemesof theformCCCVVCCVC
(wheresomeslotsmay be empty). Thus, the pasttense
of STOP is -sta-pt--- andthepasttenseof WANT is
--wa-nt-Id. Within eachof thenineslots,a phoneme
is codedin termsof 18 phoneticfeatures,yielding a total
of 162units.Verbmeaningswerenotencodedexplicitly;
rather, eachverbwasassigneda localistrepresentationof
asingleunit. An additional“past-tense”unit in semantics
indicatedthat thephonologicaloutputof theverbshould
bethepast(asopposedtopresent)tense.Thenetworkwas
trainedon600randomlyselectedverbs(weightedby their
frequency), including64 irregularverbs;it thuscontained
601 semanticunits. In addition, the network contained
two groupsof 20 “clean-up” units, one interactingwith
semanticsandonewith outputphonology. Thesegroups
are additionalhiddenunits that learn to help semantics
andoutputphonologysettleinto correct,stable(attractor)
states.

The network was trained with back-propagation
throughtime (Rumelhartet al., 1986a)to perform four
tasks(on theindicatedproportionof trials):

Hearing (40%): Given the input phonologyof a verb
(presentor past),activatethecorrespondingseman-
tic unit (andthe past-tenseunit if it wasin the past
tense).

Repeating(30%): Giventheinputphonologyof a verb,
reproduceit over output phonology. To facilitate
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�

Figure 4. The architectureof the network used by
JoanisseandSeidenberg(1998)tomodelinflectionalmor-
phology. The large arrows identify input and output
layers. The numberof units in eachlayer is indicated
in parentheses.(Adaptedfrom Joanisse& Seidenberg,
1998)

learningEnglish phonology, in addition to the 600
verbsin semantics,the network was trainedto re-
peatanadditional596verbsin bothpresentandpast
tense.

Speaking(20%): Giventhesemanticsof a verb(possi-
bly including the past-tenseunit), generatethe cor-
rectoutputphonology.

Transforming (10%): Given the input phonologyof
a verb in presenttenseand activation of the past-
tenseunit in semantics,generatethepast-tenseout-
putphonologyof theverb.

After 2.7 million training trials, the network was99.5%
correcton hearing,98.2% correcton repetition,99.8%
correcton speaking,and99.3%correcton transforming
presentto past. In addition, the network was 85% cor-
rect when testedfor its ability to transformthe phonol-
ogy of the novel verbs from the Ullman et al. (1997)
study. Thus,althoughthe network did not containsepa-
ratemechanismsfor regularversusirregularmorphology,
it nonethelesswascapableof highly accurateprocessing
of bothtypesof verbs,aswell asreasonablyaccurategen-
eralizationin transformingnovel verbs.

Joanisseand Seidenberg then testedtheir network’s
performanceaftereithersemanticorphonologicallesions.
SemanticlesionsinvolvedaddingGaussiannoisewith SD
= 0.22 to the activationsof the semanticunits and ran-
domly eliminating22%of their connectionsfrom clean-
up units. Phonologicallesionsinvolved adding Gaus-
sian noisewith SD = 0.30 to the activation of the out-
put phonologyunits and randomlyeliminating 15% of
theirconnectionsfrom clean-upunits.Figure5 showsthe
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Figure 5. Theeffectsof lesionsto semantics(top) or to
phonology(bottom)on the performanceof the Joanisse
andSeidenberg (1998)network in transformingregular,
irregular, and novel verbs, and the correspondingdata
for patientswith Alzheimer’sdisease(AD) or Parkinson’s
disease(PD) from Ullman et al. (1997). (Adaptedfrom
Joanisse& Seidenberg,1998)

performanceof themodel,averagedover 10 instancesof
eachsuchlesion,in transformingthepresentto pasttense
of regular, irregular, andnovel verbs. Also includedare
Ullman et al.’s (1997)datafor thecorrespondingpatient
groups.As with Alzheimer’spatients,semanticlesionsin
themodelhave a muchmoredetrimentaleffect on irreg-
ular verbsthanon regularor novel verbs.By contrast,in
Parkinson’spatientsandfor themodelafterphonological
lesions,novel verbsarethe mostimpaired(althoughthe
dissociationis notasstrongasfor semanticlesions).

In the model,semanticdamageimpairs irregularsthe
mostbecauseinteractionswith semanticsarerequiredto
override the strongconsistency in the regular inflection
for theseitems. In contrast,phonologicaldamageim-
pairsnovel verbsthe mostbecause,unlike both regular
and irregular verbs,suchverbsreceive no supportfrom
interactionswith semantics.Thus, due to theselearned
specializations,lesions to semanticsversusphonology
in the model replicatethe empiricaldoubledissociation
of performancein inflecting irregular versusnovel verbs
thatUllman andcolleaguesobservedamongthepatients.
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Consequently, thedissociationsdonotprovidesupportfor
dual-routetheoriesof languageprocessing,andcanbeac-
countedfor naturallyby a distributedconnectionistsys-
tem in which multiple sourcesof informationinteractin
processingall typesof items.

SentenceComprehension:
St. John and McClelland (1990)

Having discussedconnectionistmodelsthathavebeenap-
plied to issuesin phonologyand morphology, we now
considerhow theapproachcanprovideimportantinsights
at the level of the syntax and semanticsof sentences.
Traditional linguistic theoryhasfocusedon grammaras
theessentialelementof linguistic knowledge,abstracting
away from semanticandpragmaticinfluenceson perfor-
mance(Chomsky, 1957,1965,1985,1995).Thisview has
spawnedpsychologicalmodels(e.g.,Ferreira& Clifton,
1986; Frazier, 1986;Marcus,1980) that include an ini-
tial syntacticparsewhichis insensitiveto lexical/semantic
constraints(apartfrom word classinformation).And yet,
from a computationalpoint of view, a parserdivorced
from real-world knowledgerunsinto anumberof difficult
problems. Considerthe following examples(from Mc-
Clellandetal., 1989):

1. Thespy saw thepolicemanwith a revolver
2. Thespy saw thepolicemanwith binoculars
3. Thebird saw thebirdwatcherwith binoculars

As thesesentencesarestructurallyidentical, the attach-
ment of the prepositionalphrasedependssolely on the
meaningsof the words and the relative adequacy of al-
ternativeinterpretations.In (1) versus(2), only thebinoc-
ularsarea plausibleinstrumentof seeing,whereasa re-
volver is morelikely to belongto a policeman.In (3), the
factthatbirdwatchersbut not birdsoftenpossessanduse
binocularsreversesthe attachmentin (2). Indeed,every
constituentin asentencecanpotentiallyinfluencetherole
assignedto a prepositionalphrase(Oden,1978).

Conversely, justaswordmeaningis neededto influence
syntacticprocesses,sosentence-level syntaxandseman-
tics mustbeusedto determineword meanings.This can
beseenclearlyin consideringambiguouswords,asin

4. Thepitcherthrew theball

in whicheverycontentwordhasmultiplemeaningsin iso-
lation but an unambiguousmeaningin context. It also
appliesto vagueor genericwords, suchas “container,”
whichcanreferto verydifferenttypesof objectsin differ-
entcontexts(Anderson& Ortony, 1975),asin

5. Thecontainerheldtheapples
6. Thecontainerheldthecola

Finally, at theextremeendof context dependenceareim-
plied constituentswhich are not even mentionedin the
sentencebut nonethelessare an importantaspectof its
meaning.For example,from

7. Theboy spreadthejelly on thebread

mostpeopleinfer a knife asinstrument(McKoon& Rat-
clif f, 1981).

Theseandotherconsiderationshave leada numberof
researchersto questionclaimsfor the autonomyof syn-
tax. Instead,sentencecomprehensionis envisionedasa
constraintsatisfactionprocessin which multiple sources
of information from both syntax and semanticsare si-
multaneouslybrought to bear in constructingthe most
plausible interpretationof a given utterance(see, e.g.,
MacDonald,Pearlmutter, & Seidenberg, 1994; McClel-
land& Kawamoto,1986;Seidenberg,1997;Tanenhaus&
Trueswell,1995).

St. John and McClelland (1990; McClelland et al.,
1989)developeda connectionistmodelof sentencecom-
prehensionwhich instantiatesthis key idea and which,
at leastin limited form, addressesthe challengesraised
above. The architectureof the model, in the form of a
simplerecurrentnetwork, is shown in Figure6. Thetask
of the network wasto take as input a single-clausesen-
tenceasa sequenceof surfaceconstituents,andto derive
an internal representationof the event describedby the
sentence,termedtheSentenceGestalt. Critically, thisrep-
resentationwasnotpredefinedbut waslearnedfrom feed-
backon its ability to generateappropriatethematicrole
assignmentsfor the event (giveneitherrolesor fillers as
“probes”).

Eventswereorganizedaroundactionsandhada prob-
abilistic structure.Specifically, eachof 14 actionshada
specifiedsetof thematicroles,eachof which wasfilled
probabilisticallyby oneof the possibleconstituents.In
this process,the selectionof fillers for certainroles bi-
asedthe selectionfor otherroles. For example,for eat-
ing events, the busdriver most often ate steakwhereas
the teachermost often ate soup, althoughoccasionally
the reverseoccurred. The choiceof words in the con-
struction of a sentencedescribingthe event was also
probabilistic. The event of a busdriver eating a steak
with a knife might berenderedasTHE-ADULT ATE THE-
FOOD WITH-A-UTENSIL, THE-STEAK WAS-CONSUMED-
BY THE-PERSON, SOMEONE ATE SOMETHING, andsoon
(wherethe hyphenatedphrasesareconstituents).Over-
all, giventheprobabilisticeventstructuresandthelexical
andsyntacticoptionsfor describingeventsassentences,
therewerea total of 120differentevents(of which some
are much more likely than others)and 22,645different
sentence-eventpairs.

During training, sentence-event pairs were generated
successively and the constituentsof eachsentencewere
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Figure 6. The architectureof the simplerecurrentnet-
work usedby St. JohnandMcClelland(1990)to model
sentencecomprehension.The numberof units in each
layer is shown in parentheses.The largearrows identify
inputandoutputlayers.Thedashedarrow indicatesapro-
jection from “context” units (omitted for clarity) whose
statesarecopiedfrom the SentenceGestaltlayer for the
previous time step. (Adaptedfrom St. John& McClel-
land,1990).

presentedoneata timeover theCurrentConstituentunits
(seeFigure6). For eachconstituent,thenetwork updated
its SentenceGestaltrepresentationandthenattemptedto
usethis representationasinput to generatethe full setof
role/filler pairsfor the event. Specifically, with the Sen-
tenceGestaltfixedandgiveneithera role or a filler over
the “Probe” units, the network hadto generatethe other
elementof thepairoverthe“Role/Filler” units.For exam-
ple, after thepresentationof THE-STEAK in thesentence
THE-STEAK WAS-EATEN-BY THE-BUSDRIVER, the net-
work wastrainedto output,amongotherthings,theagent
(busdriver),thepatient(steak),theaction(eating),andthe
instrument(fork). It was, of course,impossiblefor the
network to do this with completeaccuracy, astheserole
assignmentsdependon constituentsthat have yet to oc-
cur or areonly implied. Even so, the network could do
better than chance—itcould attemptto predict missing
informationbasedon its experiencewith theprobabilistic
dependenciesin theeventstructures.Morespecifically, it
could(and,in fact,did) generatedistributionsof activity
overrolesandfillers thatapproximatedtheir frequency of
occurrenceoverall possibleeventsdescribedbysentences
thatstartwith THE-STEAK. Note that thesedistributions
could,in many cases,bestronglybiasestowardsthecor-
rect responses.For example,steakstypically fill the pa-
tient role in eatingeventsand(in theenvironmentof the
network) aremostcommonlyeatenby busdriversusing
a fork. In this way, the training procedureencouraged
thenetwork to extractasmuchinformationaspossibleas
earlyaspossible,in keepingwith theprincipleof imme-

diateupdate(Eberhard,Spivey-Knowlton, & Tanenhaus,
1995;Marslen-Wilson& Tyler, 1980;vanDijk & Kintsch,
1983). Of course,thenetwork alsohadto learnto revise
theSentenceGestaltappropriatelyin caseswhereits pre-
dictionswereviolated,asin THE-STEAK WAS-EATEN-BY

THE-TEACHER.
The network was trained on a total of 630,000

sentence-event pairs, in which somepairsoccurredfre-
quentlyandothers—particularlythosewith atypicalrole
assignments—werevery rare. Figure 7 shows the per-
formanceof the model on sentencesof various types
as a function of training experience. In general,active
voicewaslearnedbeforepassivevoice,andsyntacticcon-
straints(implied by word order)werelearnedbeforese-
mantic constraints(implied by event statistics). By the
end of training, when testedon 55 randomlygenerated
sentence-event pairs with unambiguousinterpretations,
thenetwork wascorrectin 1699of 1710role/filler assign-
ments(99.4%correct).

St. JohnandMcClellandalsocarriedout a numberof
morespecificanalysesintendedto establishthat thenet-
work couldhandlemoresubtleaspectsof sentencecom-
prehension.In general,the network succeededat using
both semanticand syntacticcontext 1) to disambiguate
word meanings(e.g., for THE PITCHER HIT THE BAT

WITH THE BAT, assigningflying bataspatientandbase-
ball batasinstrument);2) to instantiatevaguewords(e.g.,
for THE TEACHER KISSED SOMEONE, activatinga male
of unknown ageaspatient),and3) to elaborateimplied
roles(e.g.,for THE TEACHER ATE THE SOUP, activating
spoonastheinstrument;for THE SCHOOLGIRL ATE), acti-
vatingarangeof foodsaspossiblepatients).Thenetwork
also demonstratedthe ability to recover from semantic
“gardenpaths,” in which early predictionshadto be re-
visedin light of laterevidence(seeFigure8).

In summary, St. JohnandMcClelland(1990)present
a connectionistmodel in which semanticand syntactic
constraintsareintegratedto supportonlinesentencecom-
prehension.Although therearesignificantlimitations in
the complexity of the languageon which the modelwas
trained, it nonethelessinstantiatesand providessupport
for a theoryof sentencecomprehensionas probabilistic
constraintsatisfaction (MacDonaldet al., 1994;Seiden-
berg, 1997). This perspective standsin sharpcontrast
to traditional linguistic (Chomsky, 1965)andpsycholin-
guistic theories(Ferreira& Clifton, 1986;Frazier, 1986)
whichespouseaclearseparationof grammarfromtherest
of cognition.

Summary and Conclusions
Connectionistmodelingis attractive asa framework for
understandingcognitionin general,andlanguagein par-
ticular, becauseit providesan accountof the flexibility
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Figure 7. Performanceof theSt. JohnandMcClelland(1990)network in thematicrole assignmentfor four classes
of sentences:activesyntactic(e.g.,THE BUSDRIVER KISSED THE TEACHER), passivesyntactic(e.g.,THE TEACHER

WAS KISSED BY THE BUSDRIVER), regular semantic(e.g.,THE BUSDRIVER ATE THE STEAK), andirregular semantic
(e.g.,THE BUSDRIVER ATE THE SOUP). (Reprintedfrom St.John& McClelland,1990).

Figure 8. The activations (as black bars) of possible
fillers for selectedrolesgeneratedby theSt.JohnandMc-
Clelland(1990)network afterprocessingeachof thefour
constituentsin the sentenceTHE-ADULT !#" ATE !%$ THE-
STEAK !%& WITH-DAINTINESS!(' . After processingTHE-
STEAK, the network instantiatesTHE-ADULT asthebus-
driver, but when WITH-DAINTINESS is encountered,the
network mustreinterpretTHE-ADULT to meantheteacher
(given the statisticsfor eatingevents). (Reprintedfrom
St.John& McClelland,1990).

andproductivity of humanperformancethroughthe de-
velopmentof internalrepresentationsthatcapturetheun-
derlying structurein a domain,and becauseit suggests
how suchrepresentationsandprocessesmightactuallybe
learnedandcarriedout by the brain. The currentpaper
discussesthreeexamplesof connectionistmodels,each
appliedto a differentlevel of languagestructure.At the
phonologicallevel, the PlautandKello (in press)model
providesan accountof how comprehensionandproduc-
tion are coordinatedin phonologicaldevelopment,and
how productioncanbetrainedby feedbackfrom thecom-
prehensionsystemvia a learnedarticulatory-acousticfor-
wardmodel.At themorphologicallevel, theJoanisseand
Seidenberg (1998)modeldemonstratesthatneuropsycho-
logicaldissociationsin inflectingregular(andnovel) ver-
susirregularEnglishverbsdonot implicateseparaterule-
basedand associative mechanisms,but arise naturally
from damageto semanticversusphonologicalprocesses
within asingle,distributedsystemthatprocessesall types
of items. At thesentencelevel, theSt. JohnandMcClel-
land(1990)modelillustrateshow asystemcanlearnboth
semanticand syntacticknowledge from its experience
with sentencesand the events they describe,and bring
this knowledgeto bearin anonline,integratedfashionto
constructthemostplausibleinterpretationof agivensen-
tence.

Eachof thesemodelshasimportantlimitations in its
theoreticalscopeandempiricaladequacy. ThePlautand
Kello modelwasappliedonly to isolatedmonosyllables
which were assignedvery abstractdistributed semantic
representations.Moreover, the articulatoryandacoustic
representations,andthe equationsthat relatethem,pro-
videonly acoarseapproximationto therichnessof thein-
formationandconstraintsin thesedomains.TheJoanisse
andSeidenberg model,similarly, employeda limited vo-
cabularyof isolatedverbs,highly restrictivephonological
representations,andmadeno attemptto capturesimilar-
ities amongverb meanings. The St. Johnand McClel-
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land modelwastrainedon sentencesrestrictedto single
clauseswithout embeddingsandpre-parsedinto syntac-
tic constituents.Theuseof eventstructurescomposedof
probabilisticassignmentto fixed thematicroleswasalso
highly simplified.

A more generallimitation that spansall three mod-
els is the approximationof temporalprocessingin terms
of discrete sequencesof events. Although networks
with continuous-timeprocessinghave been applied in
language-relateddomains(e.g.,Harm & Seidenberg, in
press;Plautet al., 1996), typically thesenetworks have
beentrainedonly to settleto stableattractorstatesgiven
fixed inputs. An importantgoal for futurework is to es-
tablishthatsuchnetworkscanlearnto carryoutmoreso-
phisticatedtemporalprocessing,suchasinterpretingcon-
tinuously varying acousticinput in speechcomprehen-
sion,andproducingcontinuousarticulatorytrajectoriesin
speechproduction.

Another importantgoal for future work is to develop
modelsthat spanlinguistic levels. Currently, the most
connectionistmodelsof languageare restrictedto pro-
cessingsingle(oftenmonosyllabic)words,whereasmod-
elsthatprocessessentencesadopthighly simplified(often
localist) surfacerepresentationsfor words (also seeEl-
man,1993;Rohde& Plaut,submitted).In principal, the
phonologicalmodelof PlautandKello couldbeextended
to processesmulti-wordutterances,andthesentence-level
model of St. Johnand McClelland could be elaborated
with morephonologicallystructuredinputs.

It shouldbe clear that noneof the threemodelsde-
scribedin the currentpaper, nor any otherexisting con-
nectionistmodel,accountsfor all of the relevantempiri-
calfindingsin its domain.In consideringthis, it is impor-
tant to think of a modelasa demonstrationof key theo-
reticalprinciplesin theserviceof supportinganunderly-
ing theory, ratherthanasa proposalfor exactly how the
humancognitive systemoperatesin every detail. In this
respect,the threemodelsarequite successful,although
muchwork remainsin refining the principlesandin ap-
plying themto increasinglyrealistictasks.

Connectionistmodelsprovide the meansof exploring
the implicationsof a setof computationalprinciplesthat
arecloselytied to neurophysiologyandyet have impor-
tant implicationsfor cognition. In this way, theapproach
offersa computationalbridgebetweenmindandbrain.
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