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Researcheiliaterestedn humancognitive processebave
longusedcomputersimulationgo try to identify theprin-
ciplesof cognition. Thestrategyy hasbeento build compu-
tationalmodelsthat embodyputative principlesandthen
to examinehow well suchmodelscapturehumanperfor
mancein cognitive tasks.Until the 19805, this effort was
undertalenwithin thecontext of the“computemmetaphor”
of mind. Researcherbuilt computationaimodelsbased
on the conceptualizatiorthat the humanmind operated
asthoughit werea corventionaldigital computer How-
ever, with the adwent of so-calledconnectionist,neural
network, or parallel distributed processingmodels(An-
dersonSilversteinRitz, & Jones]1977;Hinton& Ander
son,1981;McClelland& Rumelhart,1981;McClelland,
Rumelhart,& the PDP ResearchGroup, 1986; Rumel-
hart, McClelland, & the PDP ResearchGroup, 1986b),
researcherseganexploringtheimplicationsof principles
thataremorebroadlyconsistentvith the style of compu-
tationemployedby the brain.

In connectionistmodels,cognitive processesake the
form of cooperatre and competitive interactionsamong
large numbersof simple, neuron-like processingunits.
Unit interactionsare governedby weightedconnections
that encodethe long-termknowledgeof the systemand
arelearnedgraduallythroughexperience.The actiity of
someof the units encodeghe input to the system;the
resultingactiity of otherunits encodeghe systems re-
sponseto thatinput. The patternsof actvity of the re-
maining, so-calledhiddenunits constitutelearned,inter-
nal representationthat mediatebetweeninputsandout-
puts.While eachunit exhibits non-linearspatialandtem-
poralsummationunitsandconnectionsarenot generally
consideredo be in one-to-onecorrespondencwith ac-

tual neuronsandsynapsesRather connectionissystems
attemptto capturethe essentiacomputationaproperties
of the vast ensemblef real neuronalelementsfound
in the brain, throughsimulationsof smallernetworks of
units. In this way, the approachis distinctfrom compu-
tational neurosciencgSejnavski, Koch, & Churchland,
1989),which aimsto modelthedetailedneurophysiology
of relatively smallgroupsof neurons.Althoughthe con-
nectionistapproachusesphysiologicaldatato guidethe
searchor underlyingprinciples,it tendsto focusmoreon
overall systemfunction or behaior, attemptingto deter
mine what principlesof brain-stylecomputatiorgive rise
to the cognitive phenomenabsenedin humanbehaior.
The approactenableglevelopmentalcognitive andneu-
robiologicalissuesto be addressedvithin a single,inte-
gratedformalism, providing new ways of thinking about
how cognitive processeareimplementedn thebrainand
how disordersof brainfunctionleadto disordersof cog-
nition.

The simpleststructurefor a connectionishetwork is a
feedforwad architecturein which informationflows uni-
directionallyfrom inputunitsto outputunits,typically via
oneor morelayersof hiddenunits. Although suchnet-
workscanprovide importantinsightsinto mary cognitive
domainsthey areseverelylimited in their ability to learn
andprocessnformationovertime, andthusarerelatively
ill-suitedfor domainssuchaslanguagethatinvolve com-
plex temporalstructure(Elman, 1990). A more appro-
priate type of network for suchdomainsis a recurrent
architecturewith no a priori constraintson interactions
amongunits. In onetype of recurrentnetwork, termed
anattractor network, unitsinteractin suchaway that,in
responseo a fixed input, the network asa whole gradu-
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ally settlesto a stablepatternof actwity representinghe Traditionalapproacheso understandingognition make
network’s interpretatiorof theinput (includingarny asso- very strongandspecificassumptiongboutthe structure
ciatedresponse). Recurrentnetworks canalsolearnto of theseinternal representationand the processeshat
processsequencesf inputsand/orto producesequences manipulatethem. For example,it is often assumedhat

of outputs. For example,in a simplerecurrent network
(CleeremansSenan-Schreibe& McClelland,1989;El-
man,1990,1991),theinternalrepresentatiogeneratedy
agivenelemenbf asequences madeavailableasinputto
provide context for processingubsequerglementsCrit-
ically, theinternalrepresentationthemselesadaptsoas
to provide andmale effective useof this contet informa-
tion, enablingthe systemto learnto represenaindretain
relevantinformationacrosamultiple time scales.

In fact, an issueof centralrelevancein the study of
cognitionin general,and languagein particulayt is the
natureof the underlyingrepresentatiorof information.

underlyinglinguisticknowledgetakestheform of explicit
rules which operateover discrete,symbolic representa-
tions(Chomsly, 1957;Chomsly & Halle,1968;Fodor&
Pylyshyn,1988; Pinker, 1991) and, moreover, that this
knowledgeis, in large part,innatelyspecified(Chomsly,
1965;Crain,1991;Pinker, 1994).

By contrast,the connectionistapproachplacesmuch
greateremphasi®n theability of a systemto learn effec-
tive internalrepresentations_earningin a connectionist
network takestheform of modifyingthevaluesof weights
on connectiondetweerunitsin responsdo feedbackon
thebehaior of thenetwork. A varietyof specificlearning

Someconnectionistmodelsuselocalist representations, proceduresreemployedin connectionistesearchmost
in which individual units standfor familiar entitiessuch thathave beenappliedto cognitive domainssuchasback-
asletters, words, conceptsand propositions(e.g., Dell, propagatiorfRumelhartHinton, & Williams, 1986a)take
1986; McClelland & Rumelhart,1981). Othersusedis- theform of errorcorrection:Changeeachweightin away
tributed representations which suchentitiesarerepre- thatreduceshediscrepang betweerthecorrectresponse
sentedby alternatve patternsof actwvity overlargenum- for agiveninputandtheoneactuallygeneratethy thesys-
bersof units ratherthan by the actiity of a singleunit tem. In this processinternalrepresentationsver hidden
(e.g.,Hinton& Shallice,1991;Seidenbeg & McClelland, unitsarelearnedoy calculatinghow to changesachunit’s
1989).Althoughdistributedrepresentationaremoredif-  activationto reduceerrorandthenmodifyingits incoming
ficult to think about,they offer arich andpowerful basis weightsaccordingly Althoughit is unlikely thatthebrain

for understandindearning,generalizationandthe flexi-
bility andproductvity of cognition(vanGelder 1990).

implementsback-propagatioim ary directsensgCrick,
1989), there are more biologically plausibleprocedures

The key to the effectivenessof distributedrepresenta- that are computationallyequivalent (see, e.g., O'Reilly,

tionsis the useof patternavhosesimilarity relationscor-
respondo thesimilaritiesin therolesthe patternglayin
cognition,giventhatsimilar patterngendto have similar
consequenceis connectionistmodels(seeHinton, Mc-
Clelland, & Rumelhart,1986, for discussion}. In very

1996).

The emphasion learningwithin the connectionisap-
proachhasfundamentalmplicationsfor the natureof the
explanationfferedfor cognitive behavior. Insteadof at-
temptingto stipulatethe specificform andcontentof the

simple tasks, the similarities amongthe representations knowledgerequiredfor performancén a domain,the ap-

provided by the ervironmentmay be sufiicient to guide
behaior. However, in mostcognitive domains,suchas
language the functional relationshipsthat must govern
effective performanceare often quite differentfrom the
similaritiesamongsurfaceforms. For example thewords
CAT and cAP look and soundvery similar but have en-
tirely unrelatedmeanings. Consequentlythe inputs to
the systemmust be re-representedperhapsvia succes-
sive transformationsacrossmultiple intermediatdlayers
of units,asnew patternf actiity whoserelative similar
itiesabstractwayfrom misleadingsurfacesimilarity and,
instead,capturethe underlyingstructureof the domain.

1This property arisesbecausehe input to eachunit is typically a
weightedsumof the activationsof unitsfrom whichit recevesconnec-
tions. A similarpatternof actiity overthesendingunits,summedacross
the sameweights,will generallyproducea similar input to the recev-
ing unit and,henceasimilar actvation. This biastoward giving similar
responseto similarinputscanbe overcomeby having large weightson
particularconnectionshput this takes time to develop andwill happen
only if it is requiredto performthetask.

proachinsteadstipulatesthe tasksthe systemmust per
form, including the natureof the relevantinformationin
the ervironment,but thenleavesit up to learningto de-
velopthenecessarinternalrepresentatiorandprocesses
(McClelland, St. John,& Taraban1989). In somecon-
texts, the resultingsolutionmay beara closerelationship
to moretraditionalmechanismshut it is more often the
casethatlearningdevelopsrepresentationandprocesses
which areradically differentfrom thoseproposedy 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 mostinterest
andcontroversy(see,e.g.,Pinker & Mehler, 1988). This
is perhapsnot surprisingin light of the specialrole that
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languageplaysin humancognitionand culture. It also
stemsin part from the considerablalivergenceof goals
andmethodsbetweerlinguistic versuspsychologicabp-
proachego the studyof language.This rift goesdeeper
thana simpledichotomyof emphasizingompetenceer
sus performance(Chomsly, 1957); it cuts to the heart
of the questionof whatit meansto know andusea lan-
guage(Seidenbay, 1997). Froma connectionisperspec-
tive, performancas not an imperfectreflectionof some
abstractompetencehut ratherthe behaioral manifesta-
tion of theinternalrepresentationsndprocessesf actual
languageusers:languages aslanguagedoes. The goal
is notto abstraceway from performanceut to articulate
computationaprinciplesthataccounffor it.

A majorattractionof theconnectionisapproacho lan-
guage,apartfrom its naturalrelation to neuralcompu-
tation, is that the very sameprocessingnechanismsp-
ply acrossthe full rangeof linguistic structure,includ-
ing phonology morphology and syntax. The remainder
of this paperdiscusseshreespecificconnectionistnod-
els, eachappliedto one of theselevels. The first model
(Plaut& Kello, in press)is directedat centralissuesin
phonologicaldevelopment,the second(Joanisse& Sei-
denbeg, 1998) accountsfor neuropsychologicatlatain
inflectional morphology and the third (St. John& Mc-
Clelland, 1990) addresseshe integration of syntaxand
semanticsn sentenceomprehensionBeyondthe useof
commoncomputationaimachinery thesemodelsare all
similarin thatthey they learninternalrepresentationthat
mediatebetweerinputandoutputsurfaceformsandtheir
underlyingmeanings.Noneof themprovidesa fully ad-
equateaccountof the relevantphenomenan its domain.
Nonethelessthey collectively illustrate both the breadth
anddepthof the approach.The concludingsectionhigh-
lights someof thelimitationsof currentmodelsandiden-
tifiesimportantdirectionsfor futureresearch.

PhonologicalDevelopment:
Plaut and Kello (in press)

Phonologyis concernedvith thesoundstructureof alan-
guage,andwith how contrastin meaningare corveyed
by contrastsin the surfaceforms of words. The devel-
opmentof phonologicalrepresentationplaysa key role
in theacquisitionof bothspeecttcomprehensioandpro-
duction. In comprehensiontime-varying acousticinput
mustbe mappeddntoa stablerepresentationf the mean-
ing of the utterance. This processposesa considerable
challengeto the infantdueto the considerablevariability
in the speectsignal acrosstalkers and contets, and be-
causeat the morphemidevel, the relationshipof spolen
wordsto their meaningss largely arbitrary In produc-
tion, a meaningrepresentatiomustgenerateppropriate
time-varying articulatoryoutput. Here, the infant must
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learnto producecomprehensiblepeechwithout ary di-
rectfeedbaclor instructionfrom caretalersasto whatar
ticulatory movementsare requiredto produceparticular
soundpatterns. Moreover, althoughabilities in compre-
hensiortendto precedehosein production(seeJusczyk,
1997; Vihman, 1996, for reviews) thesetwo processes
must nonethelesgornverge on a mutually consistentso-
lution to ensurethat the infantcomesto speakthe same
language(shhathe/shehears.

Plaut and Kello (in press) proposeda connection-
ist frameavork for phonologicaldevelopmentin which
phonologyis alearnedjnternalrepresentatiothatmedi-
atesamongacousticarticulatory andsemantiaepresen-
tationsin the serviceof both comprehensioandproduc-
tion. In supportof theframework, PlautandKello devel-
opedanimplementatiorin theform of a simplerecurrent
network, depictedin Figurel, thatlearnedto understand
andproduceisolatedspolenwordsin the absencef ex-
plicit articulatoryfeedback

The frameawork instantiateswo key assumptionsThe
first is that both comprehensiomand productionare sub-
sened by the sameunderlyingphonologicalrepresenta-
tions. Theserepresentationdevelop initially underthe
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pressureof mappingacousticgo semanticsn the course
of learningto understandadult speech,but becomein-

creasinglyrefinedby articulatoryfactorsasskill in pro-

ductiondevelops.By sharingcommonunderlyingphono-
logical representationstructuredearnedn the serviceof

comprehensiois availableto guideproduction(seeVih-

man,1996),andrefinementsirivenby thedemand®f ar-

ticulationautomaticallyapplywithin comprehensiofsee
Liberman,1996).

The secondkey assumptionis that feedbackneeded
to guide the developmentof speechproductionis de-
rived from the comprehensiosystem—thats, from the
acousticphonologicalandsemanticonsequences the
systems own articulations(Locke, 1983;Menn & Stoel-
Gammon,1995; Studdert-kennedy 1993). This canbe
accomplishedby first learninganinternalforward model
of the physicalprocessesgelatingspecificarticulationsto
the acousticsthey produce(Jordan& Rumelhart,1992;
Perlell et al., 1995). Sucha model can be learnedby
executinga variety of articulations,predictinghow they
will soundandthenadaptinghe modelbasednthedis-
crepang or error betweenthis predictionandthe actual
resultingacoustics. In the infant, the forward model is
assumedo developprimarily asaresultof canonicabnd
variegatedbabblingin thesecondalf of thefirst year(see
Vihman, 1996, for review, and Houde & Jordan,1998,
for empiricalsupportfor the existenceof sucha forward
model).

Theimportanceof learninganarticulatory-acoustitor-
wardmodelis thatit canbe usedto corvertacousticand
phonologicafeedbacki.e, whetheranutterancesounded
right) into articulatoryfeedbackhat canimprove speech
production. The approachassumeshat learningto pro-
ducespeechakesplacelargelyin the context of attempts
to imitate adult speech. In imitation, the systemfirst
derivesacousticand phonologicalrepresentationfor an
adultutterancaduringcomprehensiont thenuseghere-
sultingphonologicakepresentatioasinputto generate
sequencef articulatorygestures.Thesegesturesywhen
executedyesultin acousticsvhich arethenmappeddack
onto phonologyvia the comprehensiosystem. The dis-
crepanciedetweenthe resultingrepresentationandthe
original acousticandphonologicarepresentationgener
atedby theadultconstituteheerrorsignalshatultimately
drive articulatorylearning.In orderfor thisto work, how-
ever, thesé'distal” errorsin acousticandphonologymust
be corvertedto “proximal” errorsin articulation. This
is done by propagatingphonologicaland acousticerror
acrossthe forward modelto derive error signalsover ar
ticulatory states. Theseerror signalsare then usedto
adaptheproductiorsystem(i.e.,themappingfrom stable

Theimplementatiordevelopedby PlautandKello nec-
essarilyincorporatedca numberof simplificationsto keep
computationalemandswithin reasonabldimits. Two of
theseare most critical. First, the implementationused
discreteratherthan continuoustime. The time-varying
acousticinput and articulatoryoutputwere describedn
termsof sequencesf eventsmarking points of signifi-
cantchange Therewereapproximatelyasmary eventsin
an utteranceas phonemegplosives, affricatesand diph-
thongscorrespondetb two events)althoughdueto coar
ticulatory influencesjnformationabouta given sggment
wasspreadut over anumberof adjacenevents.

Secondthe implementatiorusedartificial ratherthan
real speech. Acoustic eventswere encodedn termsof
tenvariablesthefirst threeformants(1-3)andtheirrates
of changg4—6),amountof frication (7) andbursting(8),
loudnesq9), anddegreeof jaw opennes£10). The last
variableis, strictly speakingyisual/proprioceptie rather
thanacoustidut hasbeenshown to beaimportantsource
of informationin infantspeechacquisition(Locke, 1995;
Meltzoff & Moore,1977).Articulatory eventsweresimi-
larly encodedn termsof six variables:degreeof oral (1)
andnasalconstriction(2), placeof oral constriction(3),
tongueheight(4) andbacknes$5), andamountof voicing
(6). Finally, the physicalprocessesgelatingarticulationto
acousticsvereapproximatedby a setof comple, coupled
equationghatmapary combinationof valuesfor the ar-
ticulatoryvariablesontothe correspondingaluesfor the
acoustiovariables.Considerableffort wasspentto make
theserepresentationand equationsasrealistic as possi-
ble while stayingwithin the constraintf computational
efficiency.

In the simulation,the value of eacharticulatoryvari-
ablewasrepresentetly thedifferencen actiity between
contrastingunits (correspondingo theendsof the contin-
uum). Eachacoustiovaluewasrepresentetdy themeanof
a Gaussiampatternof activity overabankof twelve units;
thetotal activity of the Gaussiarencodedhe strengthof
theinformation.For illustrationpurposeskigure2 showvs
the articulatoryand acousticrepresentationfor the clo-
sureandreleasef the /p/ in theword SPIN.

The training vocalulary for the network wasthe 400
highestfrequeng monosyllabicnounsand verbsin the
Brown corpus(Kucera& Francis,1967)with at mostfour
phonemegmearr 3.42). Wordswereselectedor presen-
tationduringtrainingin proportionto alogarithmicfunc-
tion of their frequeng of occurrence.

The network underwent three kinds of training
episodesbabbling,comprehensiorandimitation. Inten-
sionalnamingis alsomentioneecaus¢he network was
testedon this task even thoughit was not trainedon it

phonologicatepresentationsntoarticulatorysequences) explicitly.

to betterapproximatehe acousticandphonologygener
atedby theadult.

Babbling. Babblingsened to train the articulatory-
acousticforward model (seeFigure 1). Pseudo-random



Plaut

ConnectionisModeling

FRI CATI ON

/Pe/
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Figure 2. Thearticulatory(left) andacoustic(right) eventscorrespondindo the closureandreleaseof /p/ in an
utteranceof theword sPIN. (Adaptedfrom Plaut& Kello, in press)

articulatorysequencegjesignedo mimic a biastoward
mandilular (jaw) oscillation in infants (MacNeilage&
Davis, 1990), were generatedand passedthrough the
articulation-to-acousticsquationgo producea sequence
of acousticpatterns.The articulationsalsosened asin-
put to the forward model, which generateda sequence
of predictedacousticpatterns. The discrepang or error
betweenthe actualand predictedacousticsat eachstep
wasthenback-propagatethroughtheforwardmodeland
usedto adjustits connectionweightsto improve its abil-
ity to predictthe acousticoutcomeof the givenarticula-
tions. In thisway, theforwardmodelgraduallylearnedo

andphonologicalrepresentationith thoseof the adult
utterance. Specifically after hearingan adult utterance,
the network usedits derived phonologicalrepresentation
asinput to generatea sequencef articulatoryrepresen-
tations. This sequenceavas then mappedboth by the
forward model to generatepredictedacoustics,and by
the articulation-to-acousticequationgo generateactual
acoustics. The latter were in turn mappedvia the com-
prehensiorsystento phonology(andsemantics)Theer-
ror betweertheacoustiandphonologicalepresentations
generatetby thenetwork andthosegeneratedby theadult
was then back-propagateérom phonologyto acoustics

mimic the physicalmappingfrom articulatorysequences and then back acrossthe forward model to derive error

to acousticsequencegasinstantiatedy the articulation-
to-acousticgequations).

Comprehension. Comprehensionnvolved deriving
the semanticrepresentatiorof a word from the acous-
tic sequenceproducedby an adult utteranceof the
word. Adult utterancesvere generatedy applyingthe
articulation-to-acousticequationsto the sequenceof
canonicalarticulatoryeventsfor words, subjectto intrin-
sicvariability andcoarticulation Eachresultingsequence
wasthenmappedrom acousticvia phonologyto seman-
tics,andtheerrorbetweerthegeneratedemanticateach
step and the correctsemanticsfor the word was back-
propagatedo changethe weightsbetweenacousticaand
semanticg. Gradually thenetwork learnedo activatethe
correctsemantigatternfor the acousticsequencesorre-
spondingto eachword; in doing so, the final patternof
activity overphonologyconstitutedhe network’sinternal
phonologicafepresentationf theword.

Imitation. Imitation involved using a phonological
representatiorderived from an adult utteranceas input
to drive articulation,andcomparingtheresultingacoustic

2The semanticrepresentations/ere generatedrtificially to cluster
into catgoriesand assignedo wordsrandomly(seePlaut& Kello, in
pressfor details). Althoughtherelationshipbetweerthe surfaceforms
of wordsandtheir meaningsvasarbitrary no attemptwasmadeto ap-
proximatethe actualmeaningof thewordsthemseles.

feedbackfor articulation. (Note that the forward model
plays the critical role here of corverting acousticerror
into articulatory error) This feedbackwas then back-
propagatedo phonologyandusedto modify the weights
in the productionsystemto improve its ability to repro-
ducetheacousticandphonologyof theadultutterance.

Notethat,in learningto imitate,thenetworkis provided
only with the acousticof adultutteranceslt mustlearn
to adaptits own articulationsbasedsolely on how similar
to theadultutteranceshey sound

Intentional naming. Intentional naming involved
generatingan articulatory sequencegiven the semantic
representationf a word asinput. Althoughthe network
wasnot trainedspecificallyto performthis task,it canbe
testedon it in away thatis similar to imitation. Theonly
differencds thattheinitial phonologicakepresentatiois
generatedrom semanticdop-davn ratherthanfrom an
adultutterancéoottom-up.

The network wastestedfor its ability to comprehend,
imitate,andintentionallynamewordsafterevery 500,000
word presentationsiip to a total of 3.5M (million) pre-
sentations. Figure 3 shows the levels of correctperfor

3Althoughthis may seemlike an excessie amountof training, chil-
drenspeakupto 14,000wordsperday (Wagney1985),or over 5 million
wordsperyear
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Figure 3. Correctperformanceof the Plaut and Kello
(in press)network on comprehensionimitation, andin-
tentionalnaming,over the courseof training. (Adapted
from Plaut& Kello, in press)

manceon thesetasksover the courseof training. Perfor
mancewas measuredn termsof whetherthe semantics
generatedy the network wasmoresimilar to the correct
semanticof the word thanto thoseof ary otherword.
Comprehensioperformancemprovedrelatively rapidly,
reaching84.3% correctby 1M word presentationsand
99.6%by 3.5M presentationsThis level of performance
is impressve giventhe lack of systematicityin the map-
ping betweenacousticsaand semanticsand the consider
ableintrinsic variability of adult utterances.Relative to
comprehensionproductiondevelopedmore slowly: the
network wasonly 54.2%correctat imitation by 1M pre-
sentationsalthoughit did achieve 91.7%correctby 3.5M
presentationdntentionalnamingwasslightly poorerthan
imitation throughoutraining, eventuallyreaching89.0%
correct. This is not surprisingasthe taskinvolvesmap-
ping throughthe entire network and was not trained ex-
plicitly.

Thus, the network achieved quite good performance
at both comprehensiorand production. The fact that
comprehensiomprecedegproductionin the model stems
directly from the fact that learning within the produc-

amongconsonantsa relatively highererrorrateon frica-
tives, affricates(e.g., /f/) and /y/ (asin RING). These
errorsinvolved both additionsand deletions;whenthey
were deleted,they were often replacedby a plosive. In
fact, plosivesaccountedor over half of the total number
of insertions. By contrast,the liquids /r/ and /I/ were
deletedoccasionallybut neverinserted.Thesecharacter
isticsarein broadagreementvith the propertiesof early
child speecterrors(e.g.Ingram,1976).

In summaryPlautandKello (in pressdevelopedacon-
nectionistframenork in which phonologyis a learnedn-
ternalrepresentatiomediatingboth comprehensiomand
production,and in which comprehensiomrovides pro-
duction with error feedbackvia a learnedarticulatory-
acoustidorwardmodel.An implementatiorof theframe-
work, in the form of a simplerecurrentnetwork, learned
to comprehendimitate, andintentionallynamea corpus
of 400 monosyllabicwords. Moreover, the speecterrors
producedby the network shaved similar tendenciesas
thoseof youngchildren. Although only a first step,the
resultssuggesthattheapproactmay ultimatelyform the
basisfor acomprehensie accounbof phonologicaldevel-
opment.

Inflectional Mor phology:
Joanisseand Seidenbeg (1998)

Thesecondexampleof aconnectionisiodelof language
processings from recentwork by Joanisseand Seiden-
berg (1998) in the domainof English inflectional mor-
phology Thepast-tenssystemof Englishverbsis aclas-
sic exampleof a quasi-iegular domain,in which the re-
lationship betweeninputs and outputsis systematicbut
admitsmary exceptions. Thus, thereis a single regular
“rule” (add—ed;e.g.,wALK ="walked”) andonly about
150 exceptions,groupedinto several clustersof similar
itemsthatundegoasimilarchangge.g.,SING =-“sang”,
DRINK =-"drank”) alongwith averysmallnumberof very
high-frequeny, arbitrary forms (e.g., Go ="went”; By-
bee& Slobin,1982).

The traditional view of the languagesystem (e.g.,
Pinker, 1984,1991)is thatthe systematiaspectf lan-

tion systemis drivenby comparisonsverrepresentations guageare representednd processedn the form of an

within the comprehensiosystem. The excellentperfor
manceon imitation demonstratethat feedbackirom the
comprehensiomystemvia a learnedforward model can
provide effective guidancefor articulatorydevelopment.

PlautandKello alsocarriedout an analysisof the er
rors producedby the network. In general,the network
shaved a strongbias toward phonologicalsimilarity in
its errorscomparedwith the chancerate, for both com-
prehensiorand imitation. At the phonemelevel, there
werefar more errorson consonantshanon vowels and,

explicit setof rules. Given that mostdomainsare only
partially systematichowever, aseparatenechanisnte.g.,
anassociatie network; Pinker, 1991)is requiredto han-
dle the exceptions. The distinctionbetweenra rule-based
mechanismand an exception mechanism,eachoperat-
ing accordingo differentcomputationaprinciples,forms
the centraltenetof so-called‘dual-route”theoriesof lan-
guage.

RumelhartandMcClelland(1986)arguedfor analter
native view of languagen which all itemscoexist within
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a singlesystemwhoserepresentationandprocessinge-
flecttherelative degreeof consistencin themappingdor
differentitems(alsoseeSeidenbey & McClelland,1989;
Plaut,McClelland,Seidenbey, & Patterson1996). They
developeda connectionistnodelthatlearneda directas-
sociatiorbetweerthe phonologyof all typesof verbstems
andthe phonologyof their past-tensdéorms. Pinker and
Prince (1988) and Lachterand Bever (1988), however,
pointedout numeroudeficienciesn the model’s perfor
manceandin someof its specificassumptionsand ar-
guedmoregenerallythatthe applicability of connection-
ist mechanismi languageés fundamentallyimited (also
seeFodor & Pylyshyn,1988). Subsequensimulation
work has addressednary of the specificlimitations of
the Rumelhartand McClelland model (Cottrell & Plun-
kett, 1991, 1995; Daugherty& Seidenbeg, 1992; Ho-
effner, 1992;MacWhinng & Leinbach1991;Plunkett&
Marchman,1991,1993,1996) and hasextendedthe ap-
proachto addresdanguagedisorders(Hoeffner & Mc-
Clelland, 1993; Marchman,1993) and languagechange
(Hare& Elman,1995).

More recently proponentof dual-routetheorieshave
identified neuropsychologicatissociationsin process-
ing regularversusrregularinflectionalmorphologyboth
in the performanceof brain-damagegatients(Marslen-
Wilson & Tyler, 1997; Ullman et al., 1997) and in the
regional cerebralblood flow of normal subjects(Jager
etal., 1996, althoughseeSeidenbey & Hoeffner, 1998,
for criticism). Thesedissociation$ave beeninterpreted
by theseauthorsas supportingthe existenceof separate
mechanismdor rule-governedversusexceptionalitems.
For example ,Ullmanetal. (1997)foundthatpatientswith
Alzheimers diseasavererelatively impairedin generat-
ing the pasttenseof irregular verbs(60% correct)com-
paredwith regular verbs(89% correct)and novel verbs
(e.g., CUG; 84% correct). By contrast, patientswith
Parkinsons diseasavererelatively impairedon the novel
verbs(65% correct)comparedwith both the regularand
irregular verbs (80 and 88% correct, respectiely). A
similar contrastin performanceon novel versusirregu-
lar verbsheld amongaphasicpatientswith either poste-
rior lesions(novel 85%;irregular71%)or anteriorlesions
(novel 5%; irregular 69%). Ulliman andcolleaguesnter-
pretedthesefindingsasimplicatingtwo separatenecha-
nisms:a posterior‘mentaldictionary” neededo retrieve
irregularinflections,andafrontal/basal-gangligrammat-
ical rule systemneededo inflect novel verbs.

An alternatve accountis that the doubledissociation
of novel versusirregular inflectional morphologyis due
to damageo differenttypesof informationwithin a sin-
gle mechanisnthatprocesseall typesof items(alsosee
Plaut,1995). In particular irregular morphologymay be
particularly sensitve to semanticdamagewvhereasovel
inflectionsmay be particularly sensitve to phonological

damage.In fact, the sameproposalasbeenmadein the
domainof word reading(Patterson& Hodges1992;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), whereagphonologicaldyslexic pa-
tients (see Coltheart,1996) are impaired in pronounc-
ing pseudwords relative to both regular and exception
words. In fact, thereis independenévidencefor seman-
tic impairmentswith posterior (temporal) involvement
in Alzheimers diseasg(Schwartz, 1990) and in surface
dyslexic patients(Graham,Hodges,& Patterson,1994),
and for phonologicalimpairmentswith frontal involve-
ment in Parkinsons patients(e.g., Grossman,Canell,
Stern, Gollump, & Hurtig, 1992) and in phonological
dyslexic patientyPatterson& Marcel,1992).

Joanisseand Seidenbeay (1998) developeda connec-
tionistsimulationof inflectionalmorphologyin supporof
this account. The architectureof their network is shovn
in Figure4. Notethatit is broadlysimilar to the frame-
work proposeddy PlautandKello (in press):spokenin-
put interactsvia a commoninternal representatiottboth
with semanticsand with spolen output. Here, though,
the surfaceforms of words are representedn more ab-
stractform. Inputandoutputphonologyarerepresenteth
termsof sequencesf phonemesf theform CCCVWCCVC
(wheresomeslots may be empty). Thus, the pasttense
of sTOPis - st a- pt - - - andthe pasttenseof WANT is
- -wa- nt - | d. Within eachof the nine slots,a phoneme
is codedin termsof 18 phoneticfeaturesyielding atotal
of 162 units. Verbmeaningsverenot encodedxplicitly;
rather eachverbwasassignea localistrepresentatioof
asingleunit. An additional“past-tense’nitin semantics
indicatedthatthe phonologicaloutputof the verb should
bethepast(asopposedo presentjense Thenetwork was
trainedon 600randomlyselectedrerbs(weightedby their
frequeng), including64 irregularverbs;it thuscontained
601 semanticunits. In addition, the network contained
two groupsof 20 “clean-up” units, one interactingwith
semanticandonewith outputphonology Thesegroups
are additionalhiddenunits that learnto 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
(presenbr past),activatethe correspondingeman-
tic unit (andthe past-tensanit if it wasin the past
tense).

Repeating(30%): Giventheinput phonologyof a verb,
reproduceit over output phonology To facilitate
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Figure 4. The architectureof the network used by
JoanissandSeidenbeg (1998)to modelinflectionalmor-
phology The large arrows identify input and output
layers. The numberof unitsin eachlayer is indicated
in parentheses.(Adaptedfrom Joanisse% Seidenbay,
1998)

learning English phonology in additionto the 600
verbsin semanticsthe network was trainedto re-
peatanadditional596verbsin bothpresentaindpast
tense.

Speaking(20%): Giventhe semanticof a verb (possi-
bly including the past-tenseaunit), generatehe cor
rectoutputphonology

Transforming (10%): Given the input phonology of
a verb in presenttenseand activation of the past-
tenseunit in semanticsgeneratehe past-tenseut-
put phonologyof theverh

After 2.7 million training trials, the network was 99.5%
correcton hearing,98.2% correcton repetition, 99.8%
correcton speaking,and 99.3%correcton transforming
presentto past. In addition, the network was 85% cor-
rect whentestedfor its ability to transformthe phonol-
ogy of the novel verbsfrom the Ullman et al. (1997)
study Thus,althoughthe network did not containsepa-
ratemechanism$or regularversusrregularmorphology
it nonethelessvas capableof highly accuratgprocessing
of bothtypesof verbs,aswell asreasonablaccurateyen-
eralizationin transformingnovel verbs.

Joanisseand Seidenbey then testedtheir network’s
performanceaftereithersemantior phonologicalesions.
SemantidesionsinvolvedaddingGaussiamoisewith SD
= 0.22to the actvationsof the semanticunits and ran-
domly eliminating 22% of their connectiongrom clean-
up units. Phonologicallesionsinvolved adding Gaus-
sian noisewith SD = 0.30to the activation of the out-
put phonologyunits and randomly eliminating 15% of
their connectiongrom clean-upunits. Figure5 shavsthe
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Figure5. Theeffectsof lesionsto semanticgtop) or to
phonology(bottom) on the performanceof the Joanisse
and Seidenbeg (1998) network in transformingregular,
irregular, and novel verbs, and the correspondingdata
for patientswith Alzheimersdiseas€AD) or Parkinsons
diseasgPD) from Ullman et al. (1997). (Adaptedfrom
Joaniss& Seidenbeg, 1998)

performancenf the model,averagedover 10 instance®f
eachsuchlesion,in transforminghe presento pasttense
of regular, irregular, and novel verbs. Also includedare
Uliman et al.’s (1997)datafor the correspondingpatient
groups.As with Alzheimers patientssemantidesionsin
the modelhave a muchmoredetrimentaleffect on irreg-
ular verbsthanon regularor novel verbs. By contrastjn
Parkinsons patientsandfor the modelafterphonological
lesions,novel verbsarethe mostimpaired(althoughthe
dissociatioris not asstrongasfor semantidesions).

In the model, semanticdamagempairsirregularsthe
mostbecausénteractionswith semanticsarerequiredto
override the strongconsisteng in the regular inflection
for theseitems. In contrast,phonologicaldamageim-
pairs novel verbsthe mostbecauseunlike both regular
andirregular verbs, suchverbsreceve no supportfrom
interactionswith semantics. Thus, dueto theselearned
specializations lesionsto semanticsversusphonology
in the modelreplicatethe empirical doubledissociation
of performancen inflecting irregular versusnovel verbs
thatUllman andcolleagueobsenedamongthe patients.
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Consequentlythedissociationslonotprovide supportfor
dual-routetheoriesof languagerocessingandcanbeac-
countedfor naturally by a distributed connectionistys-
temin which multiple sourceof informationinteractin
processingll typesof items.

SentenceComprehension:
St. John and McClelland (1990)

Having discussed@onnectionismodelshathave beenap-
plied to issuesin phonologyand morphology we now
considethow theapproactcanprovide importantinsights
at the level of the syntax and semanticsof sentences.
Traditional linguistic theory hasfocusedon grammaras
the essentiablemenibf linguistic knowledge,abstracting
away from semanticand pragmaticinfluenceson perfor
mancg Chomsly, 1957,1965,1985,1995). Thisview has
spavnedpsychologicaimodels(e.g.,Ferreira& Clifton,
1986; Frazier 1986; Marcus,1980) that include an ini-
tial syntacticparsewhichis insensitveto lexical/semantic
constraintgapartfrom 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 arevolver
2. Thespy saw the policemarwith binoculars
3. Thebird sawv the birdwatcherwith binoculars

As thesesentencesire structurallyidentical, the attach-
ment of the prepositionalphrasedependssolely on the
meaningsof the words and the relative adequag of al-
ternatveinterpretationsin (1) versug2), only thebinoc-
ularsarea plausibleinstrumentof seeing,whereasa re-
volveris morelikely to belongto a policeman.n (3), the
factthatbirdwatchersout not birds often possesanduse
binocularsreversesthe attachmentn (2). Indeed,every
constituentn asentenceanpotentiallyinfluencetherole
assignedo a prepositionaphrasgOden,1978).
Corverselyjustasword meanings neededo influence
syntacticprocessesso sentence-kel syntaxandseman-
tics mustbe usedto determineword meanings.This can
beseerclearlyin consideringambiguousvords,asin

4. Thepitcherthrew theball

in which every contentword hasmultiple meaningsn iso-
lation but an unambiguougneaningin contet. It also
appliesto vagueor genericwords, suchas “container’
which canreferto very differenttypesof objectsin differ-
entcontexts (Anderson& Ortory, 1975),asin

5. Thecontainetheldthe apples
6. Thecontaineheldthecola

Finally, atthe extremeendof context dependencareim-
plied constituentswvhich are not even mentionedin the
sentencebut nonethelessre an importantaspectof its
meaning.For example,from

7. Theboy spreadhejelly onthebread

mostpeopleinfer a knife asinstrumentMcKoon & Rat-
cliff, 1981).

Theseandotherconsiderationdiave leada numberof
researcherto questionclaimsfor the autonomyof syn-
tax. Instead,sentence&comprehensiotis ervisionedasa
constraintsatisictionprocesdn which multiple sources
of information from both syntaxand semanticsare si-
multaneouslybroughtto bearin constructingthe most
plausible interpretationof a given utterance(see, e.g.,
MacDonald,Pearlmutter& Seidenbeg, 1994; McClel-
land& Kawamoto,1986;Seidenbay, 1997;Tanenhau&
Trueswell, 1995).

St. John and McClelland (1990; McClelland et al.,
1989)developeda connectionismodelof sentenceom-
prehensionwhich instantiateshis key idea and which,
at leastin limited form, addresse¢he challengegaised
above. The architectureof the model,in the form of a
simplerecurreninetwork, is shavn in Figure6. Thetask
of the network wasto take asinput a single-clausesen-
tenceasa sequencef surfaceconstituentsandto derive
an internal representatiomf the event describedby the
sentenceermedtheSentenc&estalt Critically, thisrep-
resentatiorwasnot predefinedut waslearnedrom feed-
backon its ability to generateappropriatehematicrole
assignmentsor the event(given eitherrolesor fillers as
“probes”).

Eventswereorganizedaroundactionsandhada prob-
abilistic structure. Specifically eachof 14 actionshada
specifiedsetof thematicroles, eachof which wasfilled
probabilisticallyby one of the possibleconstituents.In
this processthe 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 choice of wordsin the con-
struction of a sentencedescribingthe event was also
probabilistic. The event of a busdriver eating a steak
with aknife mightberenderechSTHE-ADULT ATE THE-
FOOD WITH-A-UTENSIL, THE-STEAK WAS-CONSUMED-
BY THE-PERSON, SOMEONE ATE SOMETHING, andsoon
(wherethe hyphenateghrasesare constituents). Over-
all, giventhe probabilisticeventstructuresandthelexical
andsyntacticoptionsfor describingeventsassentences,
therewereatotal of 120differentevents(of which some
are much more likely than others)and 22,645different
sentenceagentpairs.

During training, sentenceagent pairs were generated
successiely andthe constituentof eachsentencavere
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Figure 6. The architectureof the simplerecurrentnet-
work usedby St. Johnand McClelland (1990)to model
sentencecomprehension.The numberof units in each
layeris shaovn in parenthesesThe large arrows identify
inputandoutputlayers.Thedashedrrow indicatesapro-
jection from “context” units (omitted for clarity) whose
statesare copiedfrom the Sentenceésestaltlayer for the
previous time step. (Adaptedfrom St. John& McClel-
land,1990).

presentedneat atime overthe CurrentConstituenunits
(seeFigure6). For eachconstituentthe network updated
its Sentencésestaltrepresentatiomandthenattemptedo
usethis representatioasinput to generatahe full setof
role/filler pairsfor the event. Specifically with the Sen-
tenceGestaltfixed andgiven eithera role or afiller over
the “Probe” units, the network hadto generatdhe other
elemenbf thepairoverthe“Role/Filler” units. For exam-
ple, afterthe presentatiorof THE-STEAK in the sentence
THE-STEAK WAS-EATEN-BY THE-BUSDRIVER, the net-
work wastrainedto output,amongotherthings,theagent
(busdrier),thepatient(steak) theaction(eating),andthe
instrument(fork). It was, of course,impossiblefor the
network to do this with completeaccurag, astheserole
assignmentslependon constituentghat have yet to oc-
cur or areonly implied. Evenso, the network could do
betterthan chance—itcould attemptto predict missing
informationbasedn its experiencewith the probabilistic
dependencieis the eventstructuresMore specifically it
could (and,in fact, did) generatalistributionsof activity
overrolesandfillers thatapproximatedheir frequeng of

diate update(Eberhard Spivey-Knowlton, & Tanenhaus,
1995;Marslen-Wison& Tyler, 1980;vanDijk & Kintsch,
1983). Of course the network alsohadto learnto revise
the Sentenc&sestaltappropriatelyin caseswhereits pre-
dictionswereviolated,asin THE-STEAK WAS-EATEN-BY
THE-TEACHER.

The network was trained on a total of 630,000
sentenceagent pairs, in which somepairs occurredfre-
guentlyandothers—particularlythosewith atypicalrole
assignments—wereery rare. Figure 7 shavs the per
formanceof the model on sentenceof various types
as a function of training experience. In general,actve
voicewaslearnedbeforepassvevoice,andsyntactioccon-
straints(implied by word order)werelearnedbeforese-
mantic constraints(implied by event statistics). By the
end of training, whentestedon 55 randomlygenerated
sentenceagent pairs with unambiguousinterpretations,
thenetwork wascorrectin 16990f 1710roleffiller assign-
ments(99.4%correct).

St. JohnandMcClellandalso carriedout a numberof
more specificanalysesntendedto establishthatthe net-
work could handlemoresubtleaspectof sentenceom-
prehension.In general,the network succeededt using
both semanticand syntacticcontet 1) to disambiguate
word meanings(e.g., for THE PITCHER HIT THE BAT
WITH THE BAT, assignindlying bataspatientandbase-
ball batasinstrument)2) to instantiatevaguewords(e.g.,
for THE TEACHER KISSED SOMEONE, activatinga male
of unknowvn ageas patient),and 3) to elaborateémplied
roles(e.g.,for THE TEACHER ATE THE SOUP, actiating
spoorastheinstrumentfor THE SCHOOL GIRL ATE), acti-
vatingarangeof foodsaspossiblepatients).The network
also demonstratedhe ability to recover from semantic
“gardenpaths; in which early predictionshadto be re-
visedin light of laterevidence(seeFigure8).

In summary St. Johnand McClelland (1990) present
a connectionistmodel in which semanticand syntactic
constraintareintegratedto supportonlinesentenceom-
prehension.Althoughthereare significantlimitationsin
the compleity of the languageon which the modelwas
trained, it nonethelesénstantiatesand provides support
for a theory of sentencecomprehensiomas probabilistic
constraintsatisfiction (MacDonaldet al., 1994; Seiden-
bery, 1997). This perspectie standsin sharpcontrast
to traditionallinguistic (Chomsly, 1965) and psycholin-

occurrenceverall possiblesventsdescribedy sentences guistictheories(Ferreira& Clifton, 1986;Frazier 1986)

that startwith THE-STEAK. Note thatthesedistributions
could,in mary caseshe stronglybiasegowardsthe cor
rectresponsesFor example,steakstypically fill the pa-
tientrole in eatingeventsand(in the ervironmentof the
network) are mostcommonlyeatenby busdriversusing

whichespouseaclearseparatiof grammarfrom therest
of cognition.

Summary and Conclusions

a fork. In this way, the training procedureencouraged Connectionisimodelingis attractive asa framework for

thenetwork to extractasmuchinformationaspossibleas
early aspossible,in keepingwith the principle of imme-

understandingognitionin general andlanguagdn par
ticular, becauset providesan accountof the flexibility

10
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Figure7. Performancef the St. JohnandMcClelland(1990)network in thematicrole assignmentor four classes
of sentencesactivesyntactic(e.g., THE BUSDRIVER KISSED THE TEACHER), passivesyntactic(e.g., THE TEACHER
WAS KISSED BY THE BUSDRIVER), regular semantide.g., THE BUSDRIVER ATE THE STEAK), andirr egular semantic
(e.g.,THE BUSDRIVER ATE THE SOUP). (Reprintedrom St.John& McClelland,1990).
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Figure 8. The actiations (as black bars) of possible
fillers for selectedolesgeneratedby the St. JohnandMc-

Clelland(1990)network afterprocessingeachof thefour

constituentsn the sentenCeHE-ADULT 41 ATEx2 THE-

STEAK#3 WITH-DAINTINESS44. After processingrHE-

STEAK, the network instantiatesTHE-ADULT asthe bus-
driver, but whenwiITH-DAINTINESS is encounteredthe
network mustreinterpretrHE-ADULT to meantheteacher
(given the statisticsfor eatingevents). (Reprintedfrom

St.John& McClelland,1990).

and productvity of humanperformancehroughthe de-
velopmenbf internalrepresentationthat capturethe un-
derlying structurein a domain,and becausét suggests
how suchrepresentationsndprocessemightactuallybe
learnedand carriedout by the brain. The currentpaper
discusseghree examplesof connectionistmodels,each
appliedto a differentlevel of languagestructure. At the
phonologicallevel, the PlautandKello (in press)model
providesan accountof how comprehensiond produc-
tion are coordinatedin phonologicaldevelopment,and
how productioncanbetrainedby feedbackrom thecom-
prehensiorsystenvia alearnedarticulatory-acoustifor-
wardmodel. At the morphologicalevel, the Joanissand
Seidenbeg (1998)modeldemonstratethatneuropsycho-
logical dissociationsn inflectingregular(andnovel) ver-
susirregularEnglishverbsdo notimplicateseparateule-
basedand associatie mechanismsput arise naturally
from damageto semanticversusphonologicalprocesses
within asingle,distributedsystenthatprocesseall types
of items. At the sentencéevel, the St. JohnandMcClel-
land (1990)modelillustrateshow a systencanlearnboth
semanticand syntactic knowledge from its experience
with sentencesnd the eventsthey describe,and bring
this knowledgeto bearin anonline,integratedfashionto
constructhe mostplausibleinterpretatiorof agivensen-
tence.

Eachof thesemodelshasimportantlimitations in its
theoreticalscopeandempiricaladequag. The Plautand
Kello modelwas appliedonly to isolatedmonosyllables
which were assignedvery abstractdistributed semantic
representationsMoreover, the articulatoryand acoustic
representationsgndthe equationghat relatethem, pro-
vide only acoarseapproximatiorto therichnesof thein-
formationandconstraintsn thesedomains.The Joanisse
andSeidenbey model, similarly, employed a limited vo-
cahulary of isolatedverbs,highly restrictive phonological
representationgnd madeno attemptto capturesimilar
ities amongverb meanings. The St. Johnand McClel-

11
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land modelwastrainedon sentencesestrictedto single
clauseswithout embeddingsnd pre-parsednto syntac-
tic constituentsThe useof eventstructurecomposef
probabilisticassignmento fixed thematicroleswasalso
highly simplified.

A more generallimitation that spansall three mod-
elsis the approximationof temporalprocessingn terms
of discrete sequenceof events. Although networks
with continuous-timeprocessinghave beenapplied in
language-relatedomains(e.g.,Harm & Seidenbeg, in
press;Plautet al., 1996), typically thesenetworks have
beentrainedonly to settleto stableattractorstatesgiven
fixedinputs. An importantgoal for future work is to es-
tablishthatsuchnetworkscanlearnto carry outmoreso-
phisticatedemporalprocessingsuchasinterpretingcon-
tinuously varying acousticinput in speechcomprehen-
sion,andproducingcontinuousarticulatorytrajectoriesn
speeclhproduction.

Anotherimportantgoal for future work is to develop
modelsthat spanlinguistic levels. Currently the most
connectionistmodelsof languageare restrictedto pro-
cessingsingle(oftenmonosyllabicwords,whereasnod-
elsthatprocessesentenceadopthighly simplified(often
localist) surfacerepresentationfor words (also seeEl-
man,1993;Rohde& Plaut,submitted).In principal,the
phonologicamodelof PlautandKello couldbe extended
to processemulti-word utterancesandthesentence-heel
model of St. Johnand McClelland could be elaborated
with morephonologicallystructurednputs.

It shouldbe clear that none of the three modelsde-
scribedin the currentpaper nor ary otherexisting con-
nectionistmodel,accountdgor all of the relevantempiri-
calfindingsin its domain.In consideringhis, it is impor
tantto think of a modelasa demonstratiorof key theo-
retical principlesin the serviceof supportinganunderly-
ing theory ratherthanasa proposalfor exactly how the
humancognitive systemoperatesn every detail. In this
respect.the three modelsare quite successfulalthough
muchwork remainsin refining the principlesandin ap-
plying themto increasinglyrealistictasks.

Connectionisimodelsprovide the meansof exploring
theimplicationsof a setof computationaprinciplesthat
arecloselytied to neurophysiologyandyet have impor
tantimplicationsfor cognition. In this way, theapproach
offersa computationabridgebetweermind andbrain.
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