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Introduction

Linguistictheoryin the generaiie traditionis basedn a smallnumberof simplebut impor
tantobsenrationsabouthumananguagesndhow they areacquired First, the structureof language
is extremelycomplex— socomple thatit is oftenarguedthatit would beimpossibleto learnwith-
out prior knowledgeasto its generakcharacte(Chomsly, 1965). Secondgchildrenlearnlanguages
rapidly andseeminglyeffortlessly Althoughclearlylimited with respecto othersortsof cognitive
tasks,every normalchild raisedundernormal circumstancesearnsthe basicsyntaxof language
within afew yearsof birth. Third, theworld’s languagegxhibit structuralcommonalities—so-calie
linguistic universals.Togethertheseobserationshave led mary researcherto the conclusionthat
languageinvolves domain-specifidorms of knowledgethat arelargely innate. In the generatie
approachthefaculty of mind dedicatedo languagss calledlinguistic competenceA generatie
grammaiis aformal descriptiorof thisfaculty in theform of a systemhatgeneratethe setof pos-
sible sentencesf a givenlanguageandtherebybestaovs onits possessathe ability to distinguish
betweengrammaticaland ungrammaticaltterances. Grammarsdevelopedwithin this tradition
(which we will call the standardapproach}ypically consistof primitives, operationsand princi-
plesintendedto describethe knowledgeof anidealizedspeakr/hearein a homogeneouspeech
community In this approactcognitive representationarehierarchicallystructuredsetsof symbols
andcognitive processeareoperation®n them.

Althoughthe standardapproacthasbeenvery successfuin promotingthe discovery of de-
scriptive generalizationgboutlinguistic structureandvariation, it presentseveral problemswhen
consideredasthe basisfor a theoryof how languagés acquiredandused. Theseproblemsarise
from the competence-performamdistinctionthat is one of the foundationalassumption®f the
approach.The distinctionbetweenwhat peopleknow aboutlanguageandwhatthey do with that
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knowledgeis easyto recognize. However, the relationshipbetweencompetencggrammas and
performancés morecomple.

Oneissueconcernghe systematiambiguityin thefield regardingthe extentto which com-
petencegrammarshouldfigure in accountsof performance.Chomsly hasoften suggestedhat
competencgrammarslescribeproceduresor relatingdifferentlevelsof representatiorhut arenot
characterizationsf the computationsnvolvedin usinglanguageln Chomsly (1995)hereiterated
this view: “The orderingof operationgin grammaticatheory]is abstractexpressingpostulated
propertiesof the languagefaculty of the brain, with no temporalinterpretationimplied” How-
ever, mary researcherbave pursueda moreliteral-mindedinterpretatiorof grammarasthe basis
for accountof how languages acquired,used,or impairedasa consequencef braininjury. In
acquisition,a well knovn exampleis the work of Borer andWexler (1992),in which acquisition
phenomenare characterizeih termsof the maturationof principlesascribedo UniversalGram-
mar suchasthebi-uniquenesselationsandA-bar chains.Within this approachacquisitionis char
acterizedas movementalonga trajectoryfrom not knowing to knowing rulesof grammar(Gold,
1967). In the areaof languageprocessingfrazierandFodor (1978)developeda theoryof parsing
basedn heuristicsapplyingto grammaticatepresentationdevelopedwithin generatre theory In
neurolinguisticsGrodzinsl (1995)amuesfor anaccounbf agrammati@phasian which patients
fail to representracesa particularaspecbf grammaticatheory Uncertaintyabouttherelationship
betweencompetencggrammarand performancehasexisted throughoutthe history of generatie
linguistics(seeFodor, Bever, & Garret,1974;Berwick & Weinbeg, 1984;Bresnan1978).

A secondproblemcreatedby the competence-performea distinctionis that it motivates
disrggardingdatathat may actually be crucial to understandindpasiccharacteristic®f language.
Thecompetencapproactexcludesperformancenishapsuchasfalsestarts hesitationsanderrors,
but alsomorecentralaspect®f linguistic performancelt is assumedfor example,thatlanguage
shouldbe characterizeihdependenthof the perceptuabnd motor systememplg/edin language
use;memorycapacitieghatlimit thecompl«ity of utteranceshatcanbe producecbr understood;
andreasoningcapacitiesusedin comprehendingext or discourse. The competenceheory also
systematicallyexcludesinformationaboutstatisticalandprobabilisticaspect®f languagethe fact
that“that” is usedmore oftenthan“than; for example,or thatthe word “the” is followed more
often by a nounthana verb are not seenasrelevant to this deepercharacterizatiorof linguistic
knowledge.However, recentstudieshave emphasizetheimportantrolestheseaspect®f language
and cognitionplay in acquisitionand processingMacDonald,Pearlmutter& Seidenbeag, 1994;
Trueswell, Tanenhausg Kello, 1993;Kelly, 1992;Safran, Aslin, & Newport, 1996).

Onthestandardriew thechild is learninga rule systemthatgovernstherelationshipsamong
abstractinguistic entities. The child attendgto the structureof utteranceguidedby innatecapac-
ities in orderto setlanguagespecificparametersPoverty of the stimulusargumentsare usedto
suggesthatknowledgeof languagés underdeterminetly evidenceavailableto languagdearners
andmustthereforebe attributableto innateUniversalGrammar(Chomsly, 1981). Statisticaland
probabilisticpropertiesof theinputarepresumedo play norole in this processandtheir influence
is excludedfrom generatie accountf acquisition,suggestinghat childrenignoretheseaspects
of input. Excludingthe useof thesefactorsfrom theoriesof acquistionis seenaspositive, in that
it avoids a possiblecombinatorialexplosion of intercorrelationsamonglinguistic propertiesthat
would make acquisitiondifficult. Thefallag in thisalgumentis thatthe statisticalandprobabilistic
aspect®f languagemightactuallyfacilitateacquisition.Allowing thatchildrenattendto all aspects
of linguistic input—even speecterrors—isnot a problembecausehe low frequeng of particularer
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rorsmeanghatthey will notseriouslyinfluencethe statisticalmodelof languagedevelopedin the
courseof learning.

Theapparentompleity of languageandits uniquenessis avis otheraspect®f cognition,
which aretakenasmajordiscoreriesof thestandardapproachmayderive in partfrom thefactthat
these“performance”factorsare not availableto enterinto explanationsof linguistic structure. If
in factthe propertiesof the languagefaculty areto someextent determinedoy a combinationof
generaheuralinformationprocessingroceduresippliedto the uniquetypesof tasksthatlanguage
processingepresentghenanapproacho thecharacterizationf thelanguagdacultythatexcludes
referencdo thesefactorsrunsthe risk of mischaracterizinghe natureof linguistic cognitionin a
fundamentaay.

A third issueconcerngherole of performancelatain derving the competencéheoryitself.
Themappingbetweercompetencgrammarandperformanceés atbestcomple, aswe have noted;
it is alsolargely unknavn. A problemarisesbecausehe primary dataon which the standardap-
proachrelies—grammaticalitjudgments—aréhemselesperformancelata(e.g. Bever, 1972).The
methodologyof the standardapproachholdsthat propertiesof the hypothesizedanguagefaculty
canbeidentifiedon the basisof experts’intuitive judgmentsof the well-formednes®f utterances.
However, therelationshipbetweergrammaticalitjudgmentandthe structureof the grammaiis no
moretransparenthanbetweerotheraspect®f competencandperformance.

On the standardview, a grammaticalsentencéds onethatis generatedy the competence
grammar This definition entailsthatevery sentencés eithergrammaticalgeneratedby the gram-
mar) or not. The metaphothereis thatof a Turing machinethat recognizesomestringsbut not
othersasmemberof a language.A grammaticalityjudgment,in contrast,is a particularway of
gueryingones grammaticaknowledge. Among non-eperts(i.e., non-linguists) performancesn
this taskis affectedby the memorylimitations, distractionsshifts of attentionandinterest,errors,
false startsand hesitationscharacteristiof otheraspectof performance.For theseinformants,
linguistic competencés only onefactorin thejudgmentprocess.

For linguists, usinggrammaticalityjudgmentgo infer propertiesof the underlyingcompu-
tational systemcanonly be justified if they are ableto abstractaway from these“grammatically
irrelevant” distractions.The notion that linguistsare partly in the businessof looking beyond ac-
tual behaior (determinedoy a mix of performanceand competence)o discover true underlying
competencas suggestedy Grimshav and Rosen(1990), who argue againstequatingsubjects’
performanceon a judgmenttask with grammaticalknowledge: “To determinepropertiesof the
underlyingsystemrequiresinferentialreasoningsometimesf a highly abstractsort” (p. 188).
Linguistsassumehatthey arecapableof reasoningrom intuitionsaboutgrammaticalityto under
lying competenceThis type of reasoningphbviously requiresawarenes®f thetypesof factorsthat
influencegrammaticalityjudgments.The problemwith this logic is thatno generatheoryof how
grammaticalityjudgmentsare madehasever beenproposed. Consideringthe enormousnumber
of performancdactorsthat have beenidentified as potentially influencingthe judgmentprocess,
andhow poorly they areunderstoodit is not surprisingthata carefulreview of the evidenceleads
Schutze(1996) to concludethat “it is hardto disputethe generalconclusionthat metalinguistic
behaior is notadirectreflectionof linguistic competenceé!

IDegreesof ungrammaticalityhave long beenrecognizedn the standardinguisticsliterature(e.g. Chomsly, 1961,
1965). Oneway of reconcilingthe paradoxentailedby a competencgrammamwith gradedudgmentdatais to have the
grammarassigndegreesof badnesgo stringsthatviolate grammaticabprinciples. Anotheris to saythatthe judgment
processtself resultsin gradedudgmentdecausé includesnon-syntactiénformation(Bever, 1972).A third possibility
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Giventhethreeissueswe have noted—thauncertaintie@boutwhethercompetencgrammar
shouldfigure in accountsof performancethe exclusion of dataconcerningstatisticaland prob-
abilistic aspectof language andthe difficulty involved in “reverse-engineergi grammarfrom
performancalata—itis quite possiblethat the formalismsof the standardapproactreally are only
metaphoricallyrelatedto the brain processesvolved in producingandcomprehendinganguage.
This alternatve is sometimegecognizedn the literature,but rarelytaken seriously For example,
Schutzg1996)concedeshat

It is concevable that competencén this senseof a staticallyrepresentednowledge
doesnot exist. It couldbethata givenstringis generatear its statuscomputedvhen
necessanandthatthedemand®f the particularsituationdeterminenow the computa-
tion is carriedout, e.g.,by somesortof comparisorto prototypicalsentencestructure
storedin memory Sincesuchascenariovould demandamajorrethinkingof thegoals
of thefield of linguistics,| will notdealwith it furthet

Theremaindeof this article represents steptoward just sucha rethinkingof the linguistic
endesor.

An Alternative Framevork

In recentyears,aframevork hasbegunto developthatdifferssignificantlyfrom thestandard
approachwith respecto whatit meango know alanguage.The goal of thiswork is notto devise
primitivesandprinciplesthatdescribehesetof sentenceanidealizedspeakr/hearewouldaccept,
but ratherto make explicit the experientialand constitutionaffactorsthataccountfor the develop-
mentof knowledgestructuresinderlyinglinguistic performanceWhereaghe standardapproachs
committedto the uniquenessf linguistic representationgis a vis othercognitve domains andto
the existenceof representationshosefundamentatharacteis shapedy the repertoireof innate
ideasthealternatve view seesognitive representationrasonecomponenof asystenthatincludes
boththeorganismandits ervironment.Cognitve processearetakento bethemanipulatiorof rep-
resentationsuchthattheorganismis ableto interactsuccessfullyvith its environment(vanGelder,
in press). Linguistic representationemege asa function of the interplayamongsereral factors,
including the physicalcomponent®f the humanbrain thatareactive during languageprocessing
(andtheir characteristienanneif processingnformation),thetaskssuchcomponentsreengaged
in, andcharacteristicsf thelanguagesignalsto which they areexposedparticularlytheir statistical
aspectsThis view hasarisencontemporaneoushyith andpartly asa consequencef connection-
ism, which hasprovided novel views of boththe natureof mentalrepresentatiomndthe waysin
which suchrepresentationsiight belearned.

A consequencef this move away from a commitmentto the uniquenes®f linguistic rep-
resentationss a renaved interestin the possibility of relating factorstypically considerechon-
linguistic to linguistic regularities. For example,regularitiesin the soundsystemcould be seenas
arisingout of a comple setof conspiraciesndcompromiseamongfactorsaffecting production
suchasthe shapeof the articulators;constraintsarising from the serial natureof language;and

is thatconstructionsareunderlyinglygrammaticato a degree(Lakeof, 1973). The existenceof all of thesepossibilities
simultaneouslymakes distinguishingthe effects of grammaticaknowledgeon judgmentdatafrom thoseof processing
difficult (Clark & Haviland, 1974),andthe assumptiorthatit is possibleto determinethe propertiesof an underlying
grammaifrom judgmentdataeven moreproblematic.
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efficiengy, i.e., the needto minimize effort expendedwhile simultaneouslyemainingascommu-
nicative aspossible. This perspectie is beginningto be appliedmostproductiely to phonology
(e.g-Maddiesson1997;Browvmané& Goldstein,1989),andhasthe potentialfor beingappliedpro-
ductively to otheraspect®f languagdehaior. Similarly, becausé¢hereis no a priori commitment
to describingknowledgeof languagen termsof formal primitives, functional considerationsire
not excludedfrom enteringinto explanationsof whatknowledgeof languageconsistsof (Bates&
MacWhinng, 1982).

The alternatve framework alsoentailsa differentview of the natureof languageacquisition
(Allen, 1997b;Seidenbag, Allen, & Christiansen1997; Seidenbag, 1997). On the standardap-
proach,to know alanguagés to know therulesthat definea computationakystemthatgenerates
the setof sentence@ thatlanguagelt follows thatto learnalanguagés to learntherulesof this
computationabystem.The child’s taskis to identify the grammar(the rule set)thatcharacterizes
thetaigetlanguage.This identificationparadigmhasplayeda centralrole in linguistic theoriesof
acquisition(Gold, 1967;Wexler & Hamhurger, 1973;Wexler & Cullicover, 1980).

We view the taskof learninga languageadifferently The taskthat childrenareengagedn
is learningto uselanguage. In the courseof masteringthis task, they develop varioustypes of
knowledgerepresentationthatallow communicatiorio proceed.Theseknowvledgerepresentations
areshapedy mary factors,including non-linguisticones,which should,on our view, provide the
primitivesof atheoryof linguisticknowledge.The primaryfunctionof thisknowledgeis producing
andcomprehendingtterancesyhethergrammaticabr otherwise A by-productof thisknowledge
is the capacityto distinguishgrammaticafrom ungrammaticasentences.

As an analogy considerthe problemof learningto read. The beginning readers problem
is to learnhow to readwords. Thereare variousmodelsof howv the knowledgerelevant to this
taskis acquired(e.g. Coltheart,Curtis, Atkins, & Haller, 1993; Seidenbeay & McClelland,1989).
Onceacquiredthis knovledgecanbe usedto performmary othertasks,includingthe mary tasks
thatpsychologisthiave usedin studyinglanguageandcognition.Onesuchtaskis lexical decision:
judgingwhethera stimulusis a word or not. Evenyoungreadersanreliably determinghatBook
is aword but NUST is not. Note, hawvever, that the task confrontingthe beginning readeris not
learningto male lexical decisions By the sametoken, the taskconfrontingthe languagdearneris
notlearningto distinguishwell- andill-formed utterancesln bothcasesknowledgethatis acquired
for otherpurposesaneventuallybe usedto performthesesecondarymetalinguisticltasks.Such
tasksmay provide a usefulway of assessingeoplesknowledgebut shouldnotbeconstruedasthe
goalof acquisition.

This perspectie shareswith Chomsly the view that the competencegrammaris only
metaphoricallyrelatedto acquisitionand processing.However, on our view it is alsoonly indi-
rectly relatedto the knowledgethatunderliestheseandotheraspect®f languagause. Knowledge
of languages construedasoneor moreneuralnetworksthatareengagedn producingandcompre-
hendingutterancesGrammargepresenhigh-lesel, idealizeddescriptionf the behaior of these
networks thatabstractaway from the computationaprinciplesthatactuallygoverntheir behaior.
Grammaticatheoryhasenormouautility asa framework for discavering andframing descriptve
generalizationaboutlanguagesndperformingcomparisongcrosdanguageshut it doesnot pro-
vide anaccurateepresentationf theway knowledgeof languages representeth the mind of the
language-user
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GrammaticalityJudgments

Theapproactthatwe have briefly summarizeds beginningto beappliedto arangeof ques-
tionsaboutacquisition processingandbreakdevn following braininjury (Plaut,McClelland,Sei-
denbeg, & Patterson1995;MacDonaldetal., 1994;Seidenbey, 1997).Herewe wantto returnto
the concepiof grammaticalityandto the taskof makinggrammaticalityjudgmentspoth of which
are centralto the standardapproach.We have suggestedhat knowvledgeof languageis not a set
of rulesfor generatingsentenceandthatthe child’s taskis not grammaracquisition.We therefore
owe anaccounbf how it is thatpeoplecannonethelesmake grammaticalityjudgments.

The capacityto malke thesejudgmentsemepgesout of the ability to procesdanguagenor-
mally. The taskrequiresinformantsto establishcriteria for decidingwhetherto call a sentence
grammaticabr ungrammaticalOneimportantpropertyof thetaskis thatdifferentdecisioncriteria
maybeuseddependingnthepropertieof thesentencebeingjudged.Thus,judgingthe utterance
*the the the the the asungrammaticamay not rely on the sameinformationasjudging *the boy
tried Bill to go or *the boyfell the chair. Thefirst sentenceanbe judgedon the basisof whether
it even potentiallyconformsto an interpretableobject; superficialpropertiessuchasthe absence
of nounsandverbsprovide areliablebasisfor decidingthatit doesnot. Thesecriteriawill be not
sufficient for the secondandthird sentenceswhich requireusing other sortsof information. A
secondpointis thatfor a broadrangeof sentenceypes,judgmentsmay be reliably cuedby local
statisticalinformationconcerningsubsequencesf words. For example,recognizingthat Theboy
fell the chair is aninstanceof the patternNP fell NP maybe suficientto make adecisionbasecdn
propertief theverbraLL. Peoplecanobviously make useof informationderivedfrom acomplete
analysisof the utterancef it is requiredfor further processingasin formulatinga correction for
example) but this level of analysids notrequiredin mary cases.

Onereasonto believe that judgmentsof well-formednesgeflect statisticalinformation is
thatin mary casessuchjudgmentsreflectambiguityresolutionprocedureghat alsorely on this
information. For example,so called“gardenpaths”canarisewhena word hastwo meaningspne
of which is very frequentandonerelatively rare. In a sentencesuchas The horseracedpastthe
barn fell, RACED is usedmuchmorefrequentlyasa transitve verb thanasa pastparticiplein a
reducedpassie. In suchcasesthe frequentmeaningquickly dominateghe rarermeaning,often
to the pointthatthe readeris unavare of the alternatestructuralinterpretation.Suchsentenceare
oftenjudgedungrammaticaby speakrswho fail to recomputeherelationshipamongthelexical
itemsin thesentencafteraninitial parse Statisticainformationof thistype (therelative frequeng
with which alexical itemis usedin oneway ratherthananother)s thusrequiredto accountor the
conditionsunderwhich judgmentsof well-formednesaremade.

The usualagumentagainsthis approactto grammaticalityis thattherearesentenceson-
taining low probability sequencesf wordsthat cannonethelesbe judgedas grammatical(e.g.,
Colorlessgreenideassleepfuriously). The treatmentof suchsentencesurnson the levels over
which sequentiaktatisticsarebeingcomputed Althoughthe ungrammaticalityof mary sentences
canbedeterminedy detectingocal anomalieslefinedover sequencesf lexemes pthersmayde-
pendon statisticsinvolving othertypesof information. Assume for example,thatcomprehension
involvescomputinghigh level semantiaypesof words;for example,thata DoG is athing andthat
PUSHING is an action. This informationwould provide the basisfor decidingthat the sequence
Colorlessgreenideassleepfuriouslyis acceptabléecauseachof the local (high level) semantic
SequenceBROPERTY PROPERTY THINGS ACTION MANNER is quitenormalEnglish. Thesequence
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Ideascolorlesssleepfuriously greenwould be rejectedon this basisbecauséhe sequencaHINGs
PROPERTY ACTION MANNER PROPERTY doesnotoccur

Giventhis accounibf grammaticalitjjudgmentthefactthatthe standardapproachexcludes
mostof this statisticainformationis important.If grammaticalitjudgmentcanbebasedn statis-
tical informationderived from experiencewith thetamgetlanguagethenit cannotbe assumedhat
thetaskrequirescomputingthe kinds of representationassumeadvithin the standardapproach.

Agrammatism

We cannow usethisaccounto exploresomepuzzlingdataconcerningapparentlissociations
betweerknowledgeof grammarandthe capacityto make grammaticalityjudgments.The speech
of agrammaticaphasicgBroca-typepatientswith lesionsin the anteriorportion of the dominant
hemispherejs typically restrictedto telegraphicutteranceshatrely hearily on openclasslexical
items. This productionimpairments frequentlyaccompanietdy impairedcomprehensiorBrocas
aphasicgendto experiencedifficulty on comprehensiotaskswhensyntaxalonefurnishescritical
aspect®f meaning({Caramazz& Zurif, 1976;Safran, Schwartz,& Marin, 1980). Linguistshave
beeninterestedn this form of aphasisbecausét wasthoughtto provide anotherkind of evidence
bearingonthenatureof linguisticcompetencespecificallythe existencefor a syntactiomodulethat
canbeselectvely impaired.

Thework of Linebager, Schwartz,and Safran (1983)raisedimportantquestionsaboutthe
interpretationof agrammaticbehaior. They describedfour agrammaticgpatientswho exhibited
comprehensionifficulties but retainedthe ability to judgethe grammaticalityof mary sentences.
Theseresultsareimportantbecausehey represenadissociatiorbetweergrammaticalityjudgment
andotheraspect®f performance.

Attemptsto relateagrammaticcomprehensiomo syntactictheory assumehat a failure to
structurallyrepresenta sentencecausesa failure to comprehendhat sentence.If grammatical-
ity judgmentgepresenevaluationsover syntacticrepresentationghenthe failure to syntactically
represent sentenceshouldalsoaffect the ability to make appropriategrammaticalityjudgments.
Linebageretal’sdataprovidedevidenceagainstheclaimthatagrammatismepresentsa selectve
lossof syntacticcapacity in thatpatientswho performedat chancdevels on comprehensiotasks
performedat high levelswhenjudgingthe grammaticalityof similar sentenceypes.

Thesefindings generatectonsiderableontrorersy One responsevas the formulation of
revisedtheoriesthat attemptedo maintainthe ideathat “agrammatism”hasa grammaticabasis
(e.g., Grodzinsk, 1990; Hildebrandt,Caplan,& Evans,1987;Zurif & Grodzinsl, 1983). How-
ever, theseproposalshave run into otherproblems(Tesak& Hummer 1994; Druks & Marshall,
1991;Milekic, Boslovic, Crain,& Shankweiler1995).In the modelpresentedbelov, we develop
an alternatve accountin which a “syntactic” processingleficit is createdby damagingpartsof a
neuralnetwork thatcomputegrom form to meaningandfrom meaningo form.

A secondssueconcernghe assumptiorthatthe grammaticalityjudgmenttask providesdi-
rectevidenceabouta persons syntacticknovledge. We have suggestedhat grammaticalityjudg-
mentsin mary caseslo not requireevaluationsof completesyntacticrepresentationdyut instead
canbebasednhow well anutteranceeonforms(sometimesgjuitelocally) to statisticalregularities,
acquiredin the courseof learning,andgenerallyexcludedon the standardapproactrom descrip-
tions of languagecompetenceKnowledgeof suchregularitiesmight provide the basisfor making
well formednesgudgmentsvenwhennormalcomprehensioprocessearesignificantlyimpaired.
In the next sectionwe present simulationmodelthatexhibits just this outcome.



SIMULATING GRAMMATICALITY JUDGMENTS 8

SimulatingGrammaticalityJudgments

We now describea connectionistnodel of grammaticalityjudgmentsthat providesa basis
for differentiatingbetweerseveral classe®f grammaticahndungrammaticalitterancegnd,when
damagedexhibits partial retentionof this capacity The modellearnedto performtwo mappings.
Givenasequencef wordsasinput,it computedheirsemantiagepresentations his form to mean-
ing mappingis an analogueof comprehensionCorversely given aninput sequencef meanings,
the modelcomputedhe appropriatavords,the meaningto form mappinginvolved in production.
Our hypothesisaboutgrammaticalityjudgmentis thatit involvescomputingthe meaningof a sen-
tenceandthenpassingthat derived representatiothroughthe productionsystem. The mismatch
betweenthe form presentedasinput andthe form computedon the backward passthroughpro-
duction providesthe basisfor judging grammaticality In the implementednodelthis mismatch
was quantifiedasthe distancebetweenrelevant vectors. We assumehat if thesedifferencesare
large enough subjectscanseta decisioncriterionthat allows themto distinguishthe grammatical
andungrammaticalitterancesasin the standardignaldetectionparadigm althoughthis decision
processvasnotexplicitly modeled.

Put simply, the judgmentprocesss modeledby queryingthe network for its versionof an
input sentence.Given a particularinput utterancewould the modelhave saidit the sameway?
This is accomplishedy processinghe input sentencaormally computingasfar aspossiblethe
correspondingneaninggeneratingisentencéhatcorresponds thatmeaningandthenmeasuring
how far aparttheinputandoutputformsare.

This way of implementingwell-formednesgudgmentsvasinspiredby a view of grammat-
icality in which a grammaticaktructureis seenasonewhich bestsatisfieghe variousconstraints
developedover the courseof learning(e.g. Smolensl, 1986). Theseconstraintgeflecttheinter
actionof innateconstraintgwhetheringuistic or non-linguistic)andtheinputto which thelearner
hasbeenexposed. It follows that an ungrammaticabtructureis onethatis suboptimal meaning
thatthereis someotherstructurethat bettersatisfieghe relevant setof constraintgyiven a partic-
ular input. As anexample,let ustake the input to a sentencegeneratingsystem(production)to
be a conceptuakepresentation On this view, the form producedon the basisof this conceptual
representatiomwill be thatwhich bestsatisfieshe multiple constraintghat make up the speakr’s
knowledgeof form—meaningelationships.

It follows thatthegrammaticalityof anutterances definedwith respecto aparticularmean-
ing. Unlike the Turing machinemetaphoiof stringrecognition the grammaticalityof an utterance
cannotbe definedwith respecto the form of that sentencalone,but mustmale referencedo the
meaninghatgaverisetoit. It furtherfollows thatan (absolutelyungrammaticalitterances oneto
which no meaningmaps.Notethatthisis not equivalentto sayingthatanungrammaticalitterance
is onethatmapsto no meaning becaus@resumablythereis alwayssomesemantiaepresentation
that bestsatisfiesthe constraintggiven the ungrammaticautteranceasinput. If we now take the
inputto the metataskof grammaticalitjjudgmentto be a sentenceandwe generate hypothetical
spaceof all possiblemeaningcandidategcomprehensiontherewill alwaysbe somebest(seman-
tic) candidate gven for (absolutely)ungrammaticalitterances.On the otherhandif we take the
semanticoutputgeneratedy that ungrammaticalnput and mapit backto form (production)we
will not getthe sentencdorm thatwe startedwith, if it is the casethat no meaningmapsto that
form.

The hypothesisthen,is thata mismatchbetweenthe form thatis the input to the compre-
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hensionsystemandthe form producedon the basisof what wascomprehendedould be usedas
the basisfor detectingungrammaticality We assumehat if thesedifferencesare large enough,
subjectscanseta decisioncriterion that allows themto distinguishthe grammaticandungram-
maticalutterancesasin the standardsignaldetectiorparadigmalthoughthis decisionprocessvas
not explicitly modeled.

Networkimplementation

Thenetwork usedn thesesimulationsvastrainedon aseriesof utterance$ik e thosegivenby
Linebageretal. to theiragrammatisubjects As aconsequencef trainingon theform to meaning
andmeaningto form mappingsthe network developeda type of symmetricknowledge,i.e., both
thatform a entailedmeaningb andthatmeaningb entailedform a. Becauséoth mappingshada
shareccomputationasubstratethesawo skills werenotindependendf oneanother After training,
the network was evaluatedby supplyingeither novel forms or novel meaningsandrecordingthe
network’s behaior. In the courseof training the network developedsensitvity to the statistical
propertiedf thesentence® whichit wasexposedandasa consequenceehaeddifferentlywhen
providedwith grammaticahndungrammaticaversionsof theseutterances.

Whennormal processingvasdisruptedby “damaging”the network, it exhibited behaiors
seenin agrammatigoatientssuchasa failure to producehigh frequenyg itemsthatarelow in se-
mantic content(function words) and impairedcomprehensioffi.e., failure to activate the correct
sequencef semanticrepresentationfor a given lexical input sequence).Although impairedin
theseways,the damagedhetwork retainedthe ability to distinguishbetweermary grammaticabnd
ungrammaticalitterances.

Architectue

The architecturausedin the simulationsis shawvn in Figure 1, and consistedf threemain
layers. The semantidayer consistedof 297 units which sened to representhe semanticf an
utterance(seeRepesentatiorbelon). This layer was connectedo itself via a setof 15 cleanup
units.

The pathvay from the semanticunits to the cleanupunits and backto semanticsallow for
the semanticunits to interactwith one anotherduring processing. The purposeof the layer of
cleanupunitsalongthis pathvay is to allow for interactiongo developamongsemantianitsduring
processingBy providing anintermediatdayerof units(thecleanup units)alongthe pathway from
semanticgo semanticsjt becomegossibleto encodein the weightsof thesepathways a more
complex setof relationshipsamongsemanticunits. For example, EXCLUSIVE-OR relationships
amongsetsof semantianitsbecomdearnablevhenacleanugdayeris usedto connecthesemantic
layerto itself, whereasonly linearly separableelationshipge.g.,AND or OR) would be learnable
if the semanticlayer wereto be connectedo itself directly without an intermediatdayer The
pathwaysbetweerthe semantiainitsandthe cleanupunitsthusallow for combination®f semantic
featuredo influencethe patternghatdevelop over time on the semantianits.

Futhermorein processingn exemplarthroughtime, the semantiaunitsandtheir associated
cleanupunits sene to form an attractornetwork, wherean initial actiity on the semanticlayer
may be coercedover time toward the nearesfixed point attractordevelopedduringtraining?. The

2If aseparatelimensioris assignedo eachunit, theneachfixed point attractorcorrespond$o a particularpointin a
spacewhosedimensionalityis definedby the numberof unitsin the vector The positionof this pointis determinedy
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O Y

Form Hidden Meaning

Figure 1. Architectureof the grammaticalityjudgmentmodel. Arrows representull connectvity between
layers.

semantidayerwasalsoconnectedo a hiddenlayerconsistingof 50 units. Thesehiddenunitswere
connectedo eachform unit, eachsemanticunit, andto eachother The 97 form units were also
connectedo eachothervia asetof 15 cleanupunits,allowing fixed pointattractordo developin the
formrepresentatioaswell. All connectiorsetswerefully connectedandall weightswereinitially
setto randomvaluesbetween1 andl.

NetworkDynamics

Theimplementeaetwork developedasensitvity to thecharacteristicef sequencesf words
in anutterance Our stratgy for accomplishinghis wasin somewaysquite similar to thatusedin
simplerecurreninetworks (EIman,1990),in which sequentialependencieare developedby rep-
resentingsequencethroughtime. Our network differsfrom the standardgsimplerecurrentnetwork
in severalways,however. First, we exploitedthe advantagegprovided by the continuousactivation
functiondescribedn Pearlmuttef1989),in which the stateof a unit changesmoothlyovertimein
responseo input from otherunits. This approactsignificantlyimprovesthe ability of networksto
“reachbackin time; thatis, to develop sensitvity to longersequencethanis possiblein standard
discretetime nets. This continuousapproachs approximatedy dividing the normaltime stepsof
discretebackpropthroughtime (Williams & Zipser 1990)into ticks of someshorterduration.An
infinite numberof suchticks would representruly continuousactivation. The numberof time steps
pertick (calledthe integration constantlchangeghe grain at which actiation is propagatednd
errorinjectedinto the network. Detailsof theimplementatioraregivenin the Appendix.

Secondunlike a simplerecurrentnetwork thatfreezesa setof weights(copy backconnec-
tions)from thehiddenunitsto the“context” units,all connectiorsetsin this network weretrainable.
In thissensethesimplerecurrennetrepresenta strict subsebf theweightvaluesthatour network
cantake on. Like the simplerecurrentnetwork, however, this network doesnot sufier from the
problemassociatedvith providing a distinctsetof unitsandconnectiongor eachdistinctsequen-
tial element(letter phonemeword, etc.) in a representationywherethe setof weightsencoding
knowledgeaboutan elementin one positionis completelyindependentf the weightsencoding
knowledgeaboutthe samewordin a differentposition.Ratherin this network informationderived
from experienceaboutanelementoccurringattimet is availableto the network whenthatelement
occursattime tXn.

For purposeof the simulation,we definedan exemplaras a sequence®f states.eachrep-
resentingeithera word or a word’s semantics.Underthe versionof continuousback propagation
utilized here,the network doesa forward passon the entire string (all of the words) integrating

theactivationvalueof theunits. Thesetof patternghatareattractedo ary of thefixedpointsin thecourseof processing
form thebasinof attractionfor thatfixed point.
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actwvity up, andrememberingts statefor the whole utteranceat every tick. Onthe backward pass,
erroris injectedfor eachtick basedon the integrationconstantthe errorassociateavith eachunit
for eachtick, andonwhatflowedbackward from thefollowing tick.

The tamgetsfor eachutterancethusform a trajectory that the network attemptsto learnto
follow. For semantidargets, thistrajectoryis thesequencef pointsdefiningthe semantioaluesof
eachword in the utterance.For form tamgets,this trajectoryis the sequencef pointsrepresenting
theindividual wordsof the utterance.

Useof this systemallows the network to develop sensitvity to the sequencesef statetransi-
tions definedby the training utterances At word rn, informationaboutwordn — 1, n — 2, etc. is
availableto the network in the form of the stateof the taiget, hidden,and cleanupunits whenthe
processingf word n begins. Recurrentonnectionsllow the stateof the hiddenunitsatary time
to beinfluencedby their own stateat previoustimes. The network learnsto rely on regularitiesin
thesesequencew the extentthatthey minimizeerror

Eachutterancen thetrainingsetwaspresentedor 65 “seconds, with anintegrationconstant
of .2 (5ticks persecond) Eachwordwaspresentedor awindow of 3 secondsthus15ticks. Inputs
wereclampedonly for theinitial 7 ticks of theword’s window, andfeedbackvasgivenonly onthe
final 8 ticks of each3 secondwvindow. This offsetbetweerthe time at which theinputis clamped
andthetime atwhichthetamgetis requiredforcesthe network to depencbnits currentstateaswell
asits input. Thus,for example,actiity on the semanticvectorcorrespondingo the semanticof
theword (e.g. CAR) wasmadeto dependnot only on the input from the formal representationf
CAR, but alsoon the stateof thenetwork beforeandafterthetime thattheform vectorfor theword
CAR wasclampedasinput.

Thistechniqudorcesthe network to useinformationeatrlierin the sequencéo begin to acti-
vatewhatit is predictableaboutthe next item orderto minimize error Giventhe attractometwork
implementedsia clean-upunits at the meaningayer, if the predictioncangetthe semanticvector
into theright neighborhoodthe actualword presentedvill sharperthe representatioquickly. Of
courseonly partsof the next word canbe predicted:(e.g.,the ENTITY featureaftera determiner
is a goodguess).But if awrong predictionis made,it takesthe network a long time to recover,
becausdoththe currentstateof the semantiattractorandtheidentity of the currentword have an
effectonthesemantioutput.

Repesentation

Meaning It is notoriouslydifficult to representhe semanticof propositions. It is even
moredifficult, if not impossible to representhe semanticof propositionswithout a systemfor
binding agumentsand roles. In orderto simplify the simulations,the semanticsof utterances
wererepresenteddy sequencesf word level semanticrepresentationsAs a consequencenary
relationshipdik e coreferencehinding, predicationandahostof othersrelevantto thesemantic®f
propositiongwhethersemanticr syntacticallyrepresenteddrenot capturedody this approach.

This simplificationmeanghat our modeldoesnot represenphrasalandpropositionalevel
relationshipsamongwords suchas subjectof predicateor objectof verb  Although we assume
that a good deal of knowledge concerningthe formal expressionof thesehigherlevel structures
is alsoemegentfrom form-meaningpairingsavailablein the learners ervironment,the technical
challengesnvolvedin modelingsuchknowledgeareconsiderableThis “role filler” (or “binding”)
problemarisesin mary cognitive domains andhasreceved considerablattentionelsevheree.g.,
in the areaof vision HummelandBiederman(1992),von der Malskurg and Schneide(1986);for
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phrasestructureOmlin andGiles (1995);for grammaticakateyory assignmenElman (1990); for
verb agumentstructureAllen (1997a). Although the techniquesusedin theseapproachesary;
much of this work suggestghat temporaldynamicsof processingwill play a crucialrole in un-
derstandindhow suchrelationshipsarerepresentedThe approactadoptechereis compatiblewith
this generalview, in that both this work and that focusedon binding assumehat understanding
cognitive representatiomvill involve the analysisof dynamicalsystemghat changethroughtime.
In short,our modeldoesnot dealwith all aspect®of languagebut its limitationsarenotrelevantto
theideathatis our mainfocus,thatmary grammaticahndungrammaticalitteranceganbe distin-
guishedusingmuchsimplerandmorelocal typesof knowledgerepresentationthanarerequired
for completesyntacticanalysisor semantidnterpretation.

Featuredor the semanticrepresentationsf words were basedon the semantichierarchy
associateavith eachword from theWordnetdatabasé¢Miller, 1990),andthenaugmentedby hand.
AlthoughWordnetincludesentriesfor mary openclassitems,featuredor theclosedclasswordsin
thetrainingsetweredevelopedby hand.An exampleof thesetof featuresisedfor theword HOUSE
appearsn 1.

Q) HOUSE: househousingodgingstructureconstructiorartifactobjectphysicalobjecentity

Sincepronounsprepositionsanddeterminerglo not appeaiin the Wordnetdatabasetheseitems
weregivensemantideatureghatrepresentetheirrelationshigoothto eachotherandto otherwords
in the training set. For example,the pronounhe was given the featuressINGULAR, MALE, and
ANIMATE. In addition,featuressuchaspPLURAL wereaddedo wordssuchasmen themand dudks
to distinguishbetweerplural andsingularversionsof thesameword. We usedtheserepresentations
becausdahey form a seriesof hierarchieswith somefeatures(e.g. ENTITY) applyingto mary
differentwords,andothers(e.g. VEHICLE) applyingto mary fewer. The semantiaepresentations
thushave aninternalstructurethatthe network cantake advantageof duringlearning.Units higher
onthe hierarchytendto be positively correlatedwith thoselower on the hierarchy andto develop
positve weightsbetweerthem.As aconsequencetnitshigheronthehierarchywill tendto activate
thosebelav them, and thoselower on the hierarchywill tendto activate thoseabove them. In
contrastunitsat similarlevelstendto inhibit eachother

The semanticof eachword, then,wasrepresentedsthe stateof a spacevhosedimension-
ality wasdefinedby the numberof units(297)in the semantiaepresentatiorandthe semanticof
anutterancavasrepresentetly a seriesof suchstates.

Form. The forms of utterancesvererepresentedsa seriesof words presentedver time.
Wordswererepresentedbcally, thatis, eachword wasrepresentedby a singleunit. The vector
representingachword wasthusextremelysimple,consistingof a singleunit beingonandall other
form units beingoff for the appropriatdime steps.Theform of anutterancevaspresentedo the
network by activatingthe unitsrepresentingachword of the utterancen sequenceTherewere97
distinctwordsusedin the examplesets sotheform layerconsistedf 97 units.

Training and TestingMaterials

Agrammaticperformanceon ten sentencdypeswas reportedby Linebager et al. (1983).
Thesetypesformedthe basisof the training andtestingsetsusedin the simulations.Grammatical
andungrammaticaversionsof thesetentypesarelistedin Tablel.
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Tablel: Grammaticahndungrammaticatxamplesof sentenceypesusedfor trainingandtestcorpora.

Type

Example

I. Strictsubcatgorization
grammatical
ungrammatical

He cameto my houseat noon.
* He camemy houseatnoon.

II. Particlemovement
grammatical
ungrammatical

Shewentupthestairsin ahurry.
* Shewentthestairsupin ahurry,

lll. Sub-auxinversion
grammatical
ungrammatical

Did theold manenjoy theview?
* Did the old manenjoying the view?

IV. Emptyelements
grammatical
ungrammatical

Frankwasexpectedo getthejob.
* Thejob wasexpectedrrankto get.

V. TagquestionsPronounAgreement

grammatical
ungrammatical

Thelittle boy fell down, didn't he?
* Thelittle boy fell down, didn't it?

VI. Left Branchcondition
grammatical
ungrammatical

Which old mandid you invite to the party?
*Whichold did you invite manto the party?

VII. Gaplesselatves
grammatical
ungrammatical

Mary atethebreadthat!| baked.
* Mary atethebreadthat| baleda cale.

VIII. Phrasestructure
grammatical
ungrammatical

Thepaperwasfull of mistales.
* Thepapermwasfull mistales.

IX. Reflexive agreement
grammatical
ungrammatical

| helpedmyselfto the birthdaycale.
* | helpedthemselesto thebirthdaycale.

X. Tagquestionsauxcopying
grammatical
ungrammatical

Johnis verytall, isn't he?
* Johnis verytall, doesnt he?
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A trainingandtestingcorpuswasdevelopedby providing partial paradigmsfor eachof the
sentencaypeslisted above. Twenty sentencesvere createdfor eachof the ten sentenceaypesfor
a total of 200 utterancesThe partial paradigmfor eachtype wascreatedby replacingindividual
wordswith othersthat might be usedgrammaticallyin thosepositions. For example,one of the
sentenceypeswasareflexive ( Thelittle boy cut himselfwhile playing. The paradigmcreatedor
this sentenceypeincluded:

Thelittle boy cuthimselfwhile playing.
Thelittle girl cutherselfatnoon.
Thebig boy cuthimselfwhile playing.
A little boy fell while running.

An old mancut himselfwhile shasing.

Half of this training setwasusedto train the network, andhalf wasusedto asses$earning
aftertraining. Thetrainingcorpusconsistedf 100 utterancesind665words(97 types). Themean
numberof words per utterancen the training corpuswas 6.65, ansthe meannumberof content
words per utterancewvas 3.1. The testingcorpusconsistedof 100 utterancesand 652 words (97
types). The meannumberof words per utterancein the testingcorpuswas 6.52, and the mean
numberof functionwordsperutterancevas2.8. Two examplesweredevelopedperutterancepne
for eachmapping.

Finally, anungrammaticatorpuswasdevelopedby creatingungrammaticaversionsof each
of the sentenceypeslisted above. Eachof the ungrammaticaltterancesleviatedfrom the gram-
maticalversionin theway pickedoutby thecatgory name.For example theungrammaticgbhrase
structureutterancesvereall examplesof phrasestructureviolations(e.g. He cameto my town—
*He camemy towr). The ungrammaticatorpusconsistedof 100 utterancesand 653 words (97
types). The meannumberof words per utterancan the ungrammaticatorpuswas6.53,andthe
meannumberof functionwordsperutterancevas2.8.

Training the network consistedf presentingwo typesof trials. The modelwastrainedon
grammaticalsentencesnly. On form to meaningtrials, the unit representingegachword in the
utterancewas activatedin sequence.The task of the network wasthento computethe correct
semantiaepresentationf eachword in the sequenceOn meaningo form trials, therequirements
werereversed. Word meaningswere presentedne at a time to the network, andthe task of the
modelwasto computethe formal trajectorythat constitutedthe representationf the utteranceby
activatingtheappropriatavord unitsin theright sequencattherighttime. Thenetwork wastrained
for 25000iterationswhereaniterationconsistef a presentatiomndfeedbaclon eitheraform to
meaningexampleor a meaningto form example.After 25000iterations the network producedhe
correcttrajectoriedor all utterancesnwhichit hadbeentrained.

After training,themodel’s performanc@nthreetypesof taskswasassessedndertwo differ-
entconditions.Thethreetaskswerea comprehensiotask,a productiontaskanda grammaticality
judgmenttask. The comprehensiomand productiontasksare assessmentsf the models ability
to handlethe primary task of form to meaningand meaningto form mappingsundernormaland
impairedconditions. The grammaticalityjudgmenttaskis a testof the model’s ability to discrim-
inatetwo typesof stimuli.. In the NORMAL condition,performancef the undamageanodelwas
assessedn the IMPAIRED condition,10% of connectiondetweerthe semanticand hiddenunits
werelesionedby settingtheir weightsto 0. This representanimpairmentto the network’s ability
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to successfullyperformthe mappingson whichit wastrained.

Results
NormalCompehension

The models ability to producethe correctsemantiaepresentationfor novel utterancesvas
testedby supplyingthe 100novel utterancdormsof thetestingcorpusto thenetwork andrecording
activationof thesemantio/ectoratthe centerof thetargetperiod(tick 11). Theresultsareshavn in
thefirst columnsof Tables2 and3. Table2 shavsthe proportionof wordscorrectlyidentifiedby the
network. Thesdigureswerecomputedasfollows. Thesemantiozectorcomputedy thenetwork 11
ticks aftertheform of awordwaspresentedvascomparedvith thevectorrepresentinghesemantic
targetthatword. If thecomputedvectorwasbothcloserto thetarget vectorthanary otherword’s
vectorandeachunit of the computedvectorwaswithin .2 of its tamget, the word was considered
recognized. The Euclideandistancebetweenthe computedand target vectorsfor eachsentence
typeis shavn in Table3. Togethetthesefiguresgive anoverall view of the network’s performance
on the comprehensiotasks. The first columnof Table2 shavs thatthe normalnetwork is easily
ableto accommodat@aovel utterances.The rangeof identificationis between88% and 100%for
comprehensiolin the normalnetwork. Thus, althoughthe network had not beentrainedon the
sentencd little boyfell at noonit hadno troubleproducingthe correctvectorfor eachword atthe
correcttime step.

Table2: Percentagef wordscorrectlycomprehendedr producedor normalandimpairednetwork.

Comprehension Production
Sentencdype Normal Impaired Normal Impaired
Subcatgorization 1.00 0.66 0.93 0.76
ParticleMovement 0.93 0.36 0.99 0.47
Inversion 1.00 0.37 0.93 0.41
EmptyElements 0.91 0.45 0.94 0.59
TagQuestiongPN) 0.94 0.41 0.86 0.46
Left BranchCondition  0.99 0.45 0.88 0.56
Gaplesselatives 0.98 0.49 0.93 0.51
Phrasestructure 0.94 0.34 0.97 0.51
Reflexive Agreement 0.90 0.54 0.97 0.54
TagQuestiongAux) 0.88 0.31 0.89 0.57
Mean 0.95 0.43 0.93 0.53

Theseresultsshav that undernormal conditionscomputingthe correctsemanticdor se-
guence®f novel grammaticalitterancess a simpleproblemfor thenetwork. Theability to recog-
nizetheelement®of novel grammaticakequencess facilitatedby thefactthatthe sameweightsare
beingusedfor wordsregardlesof a word’s positionin the utterance.Thus,regardlesof whether
thenetwork hadbeenexposedo BoY in thethird positionof anutterancetheweightsfrom the unit
representingoy arestill thoseusedwhenBoy appearsn this positionin anovel utterance.

In the impairedcondition comprehensiomperformancds significantlyworse. The second
columnsof Tables2 and3 shav thatwhendamagedthenetwork is lesslikely to producethecorrect
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Table3: Distancedetweertargetand computedvectorsfor Normal andImpairedproductionandcompre-
hension.

Comprehension Production
Sentencdype Normal Impaired Normal Impaired
Subcatgorization 0.97 1.77 0.64 0.87
ParticleMovement 0.87 1.86 0.68 0.92
Inversion 1.01 241 0.75 0.94
EmptyElements 1.11 1.98 0.75 1.00
TagQuestiongPN) 1.06 2.21 0.65 1.06
Left BranchCondition  1.00 2.34 0.61 0.83
Gaplesselatives 1.00 2.21 0.77 1.02
PhraseStructure 1.10 2.10 0.79 0.95
Reflexive Agreement 1.06 1.81 0.68 0.91
TagQuestiongAux) 1.00 2.04 0.60 0.94
Mean 1.01 2.07 0.69 0.94

word’s semanticsandthatthe averagedistancebetweerthecorrectvectorandthatproducedy the
network is higherthanin the undamagedhetwork. (All differenceshetweencolumnsl and?2 of
Tablesl and2 aresignificantatp < .05 or lower.)

Production

The models ability producethe correctformal representatioffior novel utterancesvasthen
testedby supplying100 novel meaningsequencespresentinghe testingcorpus.As in the com-
prehensiortask, ten sentence®f eachtype were presented. The resultsare shawvn in the third
columnsof Tables2 and3. As in thecomprehensiotask,for eachword, the form vectorthatwas
computedby the network 11 ticks afterthe semantic®f a word waspresenteadvascomparedvith
the vectorrepresentinghe formal target for thatword. If the computedorm vectorwascloserto
thetametvectorthanto ary otherformalvector andthe activation of eachunit waswithin .2 of its
target, the correctword wasconsideregroduced.As in the comprehensiotask,this taskis fairly
straightforvard for thenormalnetwork, andperformanceavasquitehigh, rangingfrom 86%to 99%
wordscorrectlyproduced.

Impairmentto the network also significantly affectsits ability to computethe correctse-
guenceof words. Theimpairedmodels ability producethe correctformal representatiofor novel
meaningssequencewastestedasabore. The resultsareshavn in the final columnsof Tables2
and3. Again,underdamagedonditions the proportionof wordscorrectlyproduceds lower, and
the meandistancebetweentarget and computedvectorsis higher thanundernormal conditions.
All differencesetweercolumnsthreeandfour of Tablesl and2 aresignificantat or belov the .05
level.

An interestingaspecbf the productiontestson the impairedmodelwasthe differentialim-
pairmenton grammaticamorphemesisa consequencef their semantic'shallovness”.As canbe
seenin Table4, closedclasswordsaremorelikely to fail to be producedandto be furtherfrom
theirtamgets,thanopenclasswords. Why arefunctionandcontentwordsdifferentially affectedby
damageo the connectiondetweerhiddenandsemantiaepresentations&ctivation of the correct
semantigatternfor a word reliesboth on the word input to the modelandon the semanticattrac-
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torswhich move theinitial representatioto its target. Becausehe hierarchyis typically deepeffor
contentthanfor functionwords,contentwordsaremoreresilientto damageo the system.Thein-
fluenceof semantiaepresentationsn agrammatigroductionmay be anadditionalfactorto those
alreadyrecognizedconcerningwhy closed-classtemsmay be impairedwhen, for otherreasons,
they mightbe expectedo be easyto produce(e.g.,Stembeger, 1985).

Table4: ImpairedNetwork: Contentversus-unctionword production.

Sentencdype OoC CC
Subcatgorization 0.81 0.69
ParticleMovement 0.60 0.35
Inversion 0.57 0.25
EmptyElements 0.63 0.56
TagQuestiongPN) 0.55 0.38
Left BranchCondition 0.74 0.46
Gaplesselatives 0.52 0.50
Phrasestructure 0.73 0.30
Reflexive Agreement 0.65 0.47
TagQuestiongAux) 0.63 0.51
Mean 0.64 .44

GrammaticalityJudgments

The network wastrainedby interlearing form to meaningand meaningto form exemplars.
This interleared training causedhe network to develop knowledgeof the probablecontingencies
amongelementsn sequencesf both form and meaning. The dynamicsof the grammaticality
judgmenttask rely on the following propertyof the trained network: when a formal patternis
suppliedto the network, the semantigpatternassociateavith it is activatedbecausef the form to
meaningconnections Activation thenflows backto the form vectoralongthe normalmeaningto
form path. This activation resultsin the recreationof the original form vectorseveralticks afterit
is released.Thusthe form thatwaspresentedo the network is hormally reproducedsactivation
flows backto the form layer However, whenthe form of an utterancedeviatesfrom the type the
network is familiar with, the computedsemanticsleviate from normal,andasa consequencéahe
form thatis createddeviatesfrom the form presented We simulatethe meta-linguisticnotion of
grammaticalityasthe accurateeproductiorof a suppliedform, measuredh termsof distance The
resultsshav that ungrammaticaltterance®f the type usedin Linebager et al.'s study produce
moredeviant recreation®f theinputthannovel grammaticasentencedo.

Tenungrammaticalersionsof eachsentenceype were presentedo the bothimpairedand
normalnetworks. Althoughimpairmento thenetwork significantlydisruptstheability of themodel
to computehecorrectmeaning®f novel formsandthecorrectformsof novel meaningstheability
to distinguishgrammaticalfrom ungrammaticalitterancess retainedfor 7 of the ten utterance
types.

Figures2 and3 shav themeandistancebetweertheform vectorsuppliedandthatproduced
11timeticks afterthe onsetof eachword for normalandimpairednetworks. For example thefirst
setof barsin Figure2 shavs thatthe normalnetwork (re-)producedrectorswith ameandistanceof
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.56 from thosesuppliedon novel grammaticalersionsof the subcatgorizationsentencefike He
left my houseat noon but (re-)producedrectorswith a meandistanceof 1.27 from that supplied
on novel ungrammaticakentencesuchasHe left to my houseat noon For the normalnetwork
7 of the 10 sentencdypesproducedsignificantdifferencesetweengrammaticabndungrammat-
ical distancesat or below the .05 level. The sentencaypeson which the network did not detect
ungrammaticalitiedy this measuraverethe two typesof tag questionsandreflexive agreement.
Figure3 shawvs thesedistancedor the grammaticahndungrammaticalitteranceproducedoy the
impairednetwork. As seenin thefirst setof bars,theimpairednetwork (re-)producedectorswith
ameandistanceof .73 from thosesuppliedon novel grammaticalversionsof the subcatgorization
sentencesand vectorswith a meandistanceof 1.26 from that suppliedon novel ungrammatical
subcatgorizationsentenced.ik e thenormalnetwork, in theimpairednetwork 7 of the 10 sentence
typesproducedsignificantdifferencesetweergrammaticaandungrammaticatlistancest or be-
low the .05 level. The sentencaypeson which the network did not exhibit distinctionsbetween
grammaticahndungrammaticalitterancedy this measureverethe sametypesasbefore.

Interestingly Linebager et al.'s patientdataexhibit essentiallythe samepatternasthe im-
pairedsimulation. Although the patientswere ableto judgethe grammaticalityof mosttypesof
sentenceghey wereimpairedon the samethreesentencaypesasthe model. For the seven sen-
tencetypesthe patientsvereableto judgecorrectly Linebager (1989)reportsperformancevith a
rangeof 81.2-90.4%correct. For the otherthreesentencdypes,the patientsperformedat chance
levels (TagquestiongAux) 62.1%;TagquestiongPN) 63.7%;Reflexives64.2%).

Figure4 illustratesa comparisorbetweerthe processin@f thegrammaticahndungrammat-
ical versionsof an utteranceof the subcatgorizationtype in the normalnetwork. The utterances
differ with respecto the subcatgorizationframesof theverbs. Theverb LEFT doesnot subcatgo-
rizefor theprepositionmo, but theverbweNT does.Thedistancebetweerpresentedndcalculated
valuesof the form vectorat tick 11 are plotted for eachword of the utterance. At the point of
ungrammaticalitythe distancebetweerwhatis presentecaindwhatis computedrises. Although
the continuationf the sentencesireidentical, the network continuesto produceformal vectors
thatdeviate from their tamgetsmorethanin the grammaticakase.This effect shavs the impactof
sequentiaprocessingn the network.

The oppositecaseis illustratedin Figure5, wherethe verb LEFT is usedcorrectly but the
verbwENT (whichis consistentlyusedwith To in thetrainingset)is usedin aviolation of its “sub-
catgyorizationframe”. Again the network respondgo this non-canonicatequencdy producing
vectorsthatcontinueto deviatefrom their targetsfor the next two words.

Why doesthis resultobtain? Although the comprehensiomnd productionresultsreported
above areconsistentvith theideathatthe network wasonly respondingon a word by word basis,
its performancectuallyrelieson morethanmerelyalocal mappingbetweerthe currentform and
meaningpair. Becausehenetwork wasencouragetb developarelianceonits currentstateaswell
asits currentinput, anomalousequencesuchaswentthe store producestatetrajectoriesin the
semantiainitsthatdo not correspondo theregularitieson which the network hascometo rely. As
a consequencanomaloudocal sequencegndto produceanomalousemanticsand anomalous
semanticproduceformal vectorsthatdeviate from the form supplied.This resultis partly brought
aboutby the useof continuoudime training. Sincetargetsare suppliedprior to the time at which
clampingthe currentword form canactiate the correctunits on their own (becausef the built-
in rise time), the network learnsto rely on informationthatis available, namelymaterialprior in
the sequenceSinceonly somepartsof the prior sequencarereliable,the network learnsto take
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adwantageof thoseregularitiesandignoreotheraspect®f its input.

A relatedissueconcernghe factthatin our resultsthe absolutevalue for the distancebe-
tweengrammaticahndungrammaticalitterancesariesbetweersentenceypes.Is it reasonabléo
supposehatdifferentcutofs arerequiredfor differentsentencaypes?Althoughno singleline can
distinguishbetweengrammaticaland ungrammatical’ersionsacrosssentenceypes, it isn't clear
whatthe significanceof sucha line would be. Our basictheoryis thatanungrammaticalitterance
resultsin a deviation from the normalcourseof processingwhich we measuren termsof a com-
parisorbetweergrammaticahndungrammaticaversions.Ourmethodassumea sensitvity to this
distinction,andnotto anabsolutdevel of difference.

ColorlessGreenldeas

Earlier we notedthe existenceof sentencesuchas Colorlessgreenideassleepfuriously,
which containlow probability sequencesf wordsthatcannonethelesge judgedasgrammatical
andsuggestethatthetreatmenbdf suchsentencesirnsonthelevelsoverwhichsequentiastatistics
arebeingcomputed We claimedthata sentenceuchasthe Colorlessonemight beratedasmore
acceptabléhana randompermutationof wordsbasedon sequentiategularitiesin the high level
semantiropertief thesdtems.

Thenetwork we have presentedvasdesignedo besensitve to statisticalregularitiesin lexi-
calandsemanticsequencesimultaneouslyThenetwork wassensitve to sequencesf lexical items
becaus¢heinputform of boththetrainingtaskandthegrammaticalitjjudgementaskconsistedf
local representationsf lexical items. At the sametime the network wassensitve to the sequences
of the semantiaepresentationf words,in that processingnvolvescomputatiorof thesesemantic
representations.

In orderto demonstratéhatthenetwork is sensitve to bothof thesdevelssimultaneoulsywe
testedthe network underfour conditionsthatmanipulatedwo factors:the transitionalprobabilities
betweenwordsandthetransitionalprobabilitiesof the semantidypesthatthewordsrepresented.

In thefirst condition(HH) the network waspresentedavith sentencem whichthetransitional
probabilitiesbetweerbothlexical itemsandsemantidypeswerehigh. Thesearenormalsentences.
The secondcondition(LH) consistedf sentencef which the transitionalprobabilitiesbetween
wordswaslow, but the transitionalprobabilitiesbetweensemantictypeswas high. This type of
sentencecorrespondgo "Colorlessideassleepfuriously” in which the semanticsub-sequences
[propertypropertyentity act mannerjare consistentvith semanticsequencethatappearedn the
training set,but the bigramfrequencie®f the words(e.g. colorless-greergreen-ideasetc.) were
low or zeroin thetrainingcorpus.Thethird condition(HL) consisteaf sentencem whichthetran-
sitional probabilitiesbetweenwvordswerehigh, but the transitionalprobabilitiesbetweersemantic
typeswerelow. This conditionis possiblebecauseherearesequencewith high word transitional
probabilitiessuchas mothercares wherethe semantictype representedby the first word in the
pair predictsa different semanticcontinuationmore strongly than that of the secondword. The
fourth condition(LL) consistedf sentence which bothtypesof transitionalprobabilitieswere
low. This conditioncorrespondso randomsequencesf wordssuchassleepideasgreenfuriously
colorless Tensentencesf eachtype matchedn termsof the overall frequencie®f thewordsthey
containedverepresentedo the network.

Table5 providesthe meantransitionalprobabilitiesbetweenwords (wtp), the meantransi-
tional probabilitiesbetweersemantidypes(stp),andanexamplesentencdor eachcondition. The
semantiaype for lexical itemswasdeterminedby taking the mostfrequentsemantideaturethat
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Table5: Examplestimuli andmeanword (wtp) andsemantiqstp) transitionalprobabilitiesfor four condi-
tionsin thegrammaticaliltyjudgmenttask.

Condition Example wtp stp score
HH whichgirl did youinvite 33 .32 .68
LH which streetinvited a cale ontime .02 .26 .77
HL my motherwasexpectedo arrive 30 .07 .80

LL oninvited cale streettimethewhich .00 .00 1.10

appearedn theword. For example,therepresentatiofor the word motherincludedthe following
features:

MOTHER: FEMALEPARENT PARENT FEMALE RELATIVE HUMAN LIVINGTHING ORGAN-
ISM ANIMATE ENTITY

The mostfrequentof thesefeaturesn thetrainingvocalulary is the entity bit. The semantic
type of theword motherwasthustakento be entity.

Thefinal columnof Table5 givesthemeangrammaticalityjudgmentof thenetwork in these
four conditions. As in the earliergrammaticalityjudgmenttask, thesescoregeflectthe meaneu-
clideandistancebetweerthevectorrepresentingheform suppliedto thenetwork andthatcomputed
by the network for eachsentencéype. TheLL condition,correspondingo arandomsequencef
words, is the sentenceype that yields the largestdeviation, aswould be expectedif it is the least
grammatical The HH sentencéypesyieldedtheleastdeviation. The othertwo conditionsresultin
scoreghatareintermediatén value. Thedifferencedbetweertherandomword condition(LL) and
theotherthreeconditionsweresignificantbelon the.0llevel. ThedifferencedetweertheHH, LH
andLH conditionsarenot significant,althoughthis may reflectthe relatively smallnumberof test
sentencem condition.

In summarythe modelyieldedgradedperformancen the four typesof sentenceandpseu-
dosentencesThe model canbe seenasdefininga metric in which sentencesliffer in degreeof
grammaticality Thelargestdifferencesverebetweertherandomword condition(LL) andtheother
3 conditions,providing a basisfor treatingthe LL itemsasungrammaticahndthe otherstimuli—
includingthemodels versionof a”colorlessgreenideas’sentence—agrammatical Themodelalso
suggestshatit shouldbe harderto judgesentencesf theHL andLH typesasgrammaticathanthe
HH items,anobsenrationthatappearso beconsistentvith humanperformance.

Discussion

The simulationspresentedhererepresent stepin the developmentof the alternatve frame-
work we describedn theintroduction. Theimplementednodelillustrateshow knowledgeof lan-
guagecanberepresenteth anetwork ratherthanagrammar Thenetwork acquiredhisknowledge
in the courseof learningto comprehen@ndproduceutterancesTheimplementednodelis clearly
limited in scopeaddressingnly afragmentof thegrammaiof onelanguagebut theseresultsinvite
furtherinvestigationsalongthe samedines andwe have by no meansapproachedhe limit of what
canberepresenteth suchsystemgfor relatedwork, see Chater& Christiansenin press).

We alsotook a steptoward developinga theoryof how grammaticalitjjudgmentsaremade.
In theabsenc®f suchatheory linguistshave interpretederformancenthetaskin differentways.
Sometimest is assumedhatthe judgmentsof native speakrs, children,or aphasigatientsmore
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or lessdirectly reflectthe stateof their grammaticaknowledge. Sometimest is notedthatfactors
outsidethe scopeof grammaticakheory caninfluencedecisions but whatis involved in filtering
outtheseperformancdactorsandwhetherthis canbeachieedin a consistentnannerareunclear

Our accountof grammaticalityjudgmenthasthree main features. First, we note that the
capacityto performthetaskemegesin thecourseof acquiringalanguagédut doesnotplayacentral
role in the acquisitionprocesstself. In this senset is like beingableto malke lexical decisions.
Secondthereareno absolutecriteriafor making suchdecisions;the criteriathat peopleusevary
dependingn the natureof the sentencethey arebeingasledto judge. Third, makingthedecision
involvesgeneratingnerrorsignalbasedn discrepanciebetweerthe sentenc@resente@ndwhat
thelinguisticsystencomputesin ourmodelwe generatedhis errorsignalby passinghecomputed
semantiaepresentatiobackthroughproduction.This wasundoubtedlya simplificationinsofar as
othererrorsignalscouldbe derivedfrom the modelandtheseare probablyrelevantto performance
undersomecircumstancesFor example,Plaut(1997) hasdescribedchow anomalougpatternsof
semanti@activationcanprovide abasisfor makingalexical (word-nonvord) decisionandit is easy
to imaginethe samekind of mechanisnbeingusedto judgegrammaticality 3 Theresultssuggest
thatfor a fairly broadrangeof sentencestructuresjocal anomaliegprovide a sufficient basisfor
makingcorrectresponsesThis meanghatit cannotbe assumedhatdecisionsecessarilyequire
deriving afull syntacticrepresentationf theutterance.

The methodwe usedto implementwell-formednesgudgmentswas inspiredby a view in
which a grammaticaktructureis onewhich bestsatisfieshe variousprobabilisticconstraintsen-
codedoverthecourseof learning.Onthisview, asentencés thatwhich bestsatisfiegheconstraints
thatmale up the speakr’s knowledgeof languagespecificform to meaningandmeaningto form
relationshipgyivena particularsemantidntention. The acceptabilityof anutteranceon this view is
definedwith respecto a particularmeaning.This accountiffersin kind, of course from theview
thata structuremaybeill-formed solely on the basisof the syntacticfeature<of its lexical items.

Implementingtheseideasprovided the basisfor addressingjuestionsconcerningthe bases
of aphasiaandthe natureof grammaticalitjjudgmentsaisedby Linebageretal. (1983)5 studyof
agrammatigatients Damaginghe network impairedits performancen thetaskson whichit was
trained,yet it wasstill ableto distinguishbetweergrammaticabndungrammaticatepresentations
of severalsentenceypes.Thesaesultsprovide abasisfor explaininghow Linebageretal’s patients
could performabove chanceon suchsentencegven whentheir comprehensiomvas significantly
impaired. Giventhe simplicity of the input datathat the modelhadto work with, thefit between
themodelandtheLinebageretal. (1983)datawasquite good. Althoughtherewassomevariation
amongthe patients pverall the patientsvereimpairedon the sametypesof sentenceasthe model.
This outcomesuggestshat our explanationfor the basisof grammaticalityjudgmentsis a viable
one.

The sentence¢hat both the network and patientscould judge correctlyare onescontaining
local sequentiahnomalies.The threesentencaypeson which both network and patientsfailed to
distinguishbetweengrammaticabndungrammaticaversionswerethe onesfor which theselocal

3Plaut(1997)usesa measurealledstress basedon the entrogy of setsof units. This measureeflectshow far unit
activationdeviatesfrom 0.5, in thatthe stressof a unit is 0 whenits stateis 0.5 andapproaches asits stateapproaches
eitherO or 1. In amodelsimulatinggraphemeo semantianappingsthe targetsemantigatterndor wordswerebinary
and thus they shaved maximumstress. Becausenonwords sharedstructurewith setsof words that had conflicting
semantideaturesnonwordstypically failedto drive semantiainitsasstronglyaswordsdid, producingsemantigatterns
with muchlower averagestress.
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anomaliesare not readily apparent.Examplesof the ungrammatical/ersionsof the ten sentence
typesarereproducedn Table6. Sentenceype | includesthe local sequencecAME MY. Type
Il containsthe sequenc®ENT THE STAIRS. Typelll includesMAN ENJOYING. TypelV includes
FRANK TO GET. TypeVI includeswHICH OLD DID, andTypeVIl includesFuLL MISTAKES. None
of thesesequenceareconsistentvith thetypesof lexical-semantisequencethatappeain either
thetrainingsetor in the novel grammaticatestingset.

Therewerethreesentencéypesonwhichthemodelwasunableto detecidifferencedetween
grammaticaandungrammaticalersions. Thesewerethe samesentencdypesthat Linebager et
al’s patientshadthe mostdifficulty with. In bothcaseghebasisfor impairedperformancenthese
itemsis unclear Therearea numberof reasonsvhy the network might have beenunableto detect
thesetypesof ungrammaticalitiesOnepossibilityis thatalthoughthesesentencedik e the others,
containsequentiahnomaliesthey arenotsufficiently local. Thatis, althoughall tensentenceypes
involve violationsof lexical and/orsemanticsequenceshe distance®ver whichtheanomaliesre
definedaretoo long in thesethreecasedor the currentarchitectureo pick up. The sentencen
Table6 illustrating Type V, for example,requiresholding informationaboutsoy for five lexical
itemsprior to processingT. Similarly, theexampleshavn for Type X requiresholdinginformation
aboutthe auxiliary for 4 lexical items. This possibility could be addressethy conductinga larger
scalesimulationinvolving moresentenceandadjustingthe numberof unitsin the network.

A secondpossibility is that the differencesbetweenthe grammaticaland ungrammatical
forms involve kinds of dependenciethat our simple network doesnot encode. The modeldoes
not encodeall of theinformationon which grammaticalitjjudgmentscanbe made andit is likely
thatmary ungrammaticasentenceypeswill requireaccesso suchinformation.A third possibility
is thatthe poorerperformanceon thesethreesentencaypesderives from the fact thattherehap-
penedto be lessoverlap betweenthemandthe other sentenceypesin the corpus. For example,
the knowledgethatthe modelbringsto bearon sequencesuchAs CAME MY relieson exposure
to all of the othersequencemvolving verbsin thetrainingset. In contrastknowledgeconcerning
the relationshipbetweenreflexives and antecedent the network comesonly from exposureto
sentencdypelX. Pooremerformancen Type X mightsimply reflectexposureto fewer relevant
examples.Again, this possibility canbe addresseth largerscalesimulationsof the sametype we
have explored.

Although additionalresearchs requiredin orderto determinewhich of thesefactorsis rel-
evant to the models performanceit is clearthattherearetwo generalfactorslimit the models
performance First, the network wasonly givenaccesgo a fraction of the informationthatenters
into the formationof the dynamicrepresentationthatunderlielanguagebehaior. It is likely that
in humans performanceon the sentencdypesthat we testedbenefitsfrom exposureto a broad
rangeof otherstructuresiotincludedin thetrainingset. Secondthe models architecturdimits its
capacityto representmportantaspectof the semanticof utterancesFor example,althoughwe
representhe semanticf propositionsasa trajectoryof semanticvaluesi,it is clearly the phrases

4Obviously thesesequenceareonly anomalouselative to thetrainingset: simpletwo word sequencesuchasFuL L
MISTAKES are lessanomalougelative to the languageas a whole (we canimagine sentencesuchas Full mistales
are penalizedlessthan partial mistales for example)and thereforewould not be expectedto trigger a judgmentof
ungrammaticalitypy themseles. Given the knowledgeof the averagehumanspealkr, the specificsequenceypesthat
provide the basisfor decidingthatan utterancas ungrammaticawill in mary casediffer from thosethatthe modelis
sensitve to, but thesameprincipleswill apply For example,anomaliesnaybedefinedover longerstretchesuchaswas
full mistales wherethe useof wasforcesa particularinterpretatiorof full, andwith thatinterpretationin hand,theuse
of mistalesbecomesnanomalousequence.
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Table6: Ungrammaticabxamplesentences.

Type Example
| Strictsubcatgorization * He camemy houseatnoon.
Il ParticleMovement  * Shewentthestairsupin ahurry.
Il Sub-auxinversion  * Did theold manenjoying theview?
IV EmptyElements * Thejob wasexpectedrrankto get.
V TagQuestiondPN)  * Thelittle boy fell down, didn't it?
VI Left Branch * Which old did you invite manto the party?
VI Gaplesselatives * Mary atethebreadthat| balkeda cale.
VIl PhraseStructure * Thepaperwasfull mistales.
IX Reflexive agreement * | helpedthemselesto the birthdaycale.
X TagQuestiongAUX) *Johnis verytall, doesnt he?

of languagehatreferto conceptuabnits. Similarly, propositionshave semantiacharacteristicghat
arecompositionalthatis, built up out of the semantic®f the phrasesandclauseghatmake up the
form of a proposition. Thereareall sortsof semanticrelationshipghat occuracrossmulti-word
windows, including co-indexation, predicationdependencieshematicrole binding,andothers.In
mary casegrammaticalityjudgmentsare madeon the basisof moreinformationthanis provided
by the sequentiategularitiesof semanticsequencethatwe wereableto represenin our network.

In closing,we suggesthatthis modelillustratesan approactho thinking aboutlanguageac-
quisition, processingandbreakdan thatshavs considerabl@romise.Giventhe simplicity of the
models architectureandthelimited corpusonwhich it wastrained,it seemgyuite surprisingthatit
wasableto develop a basisfor performingthe grammaticalityjudgmenttaskat levels comparable
to normalandaphasicsubjects Theclaimthatsubjectanbaseheir grammaticalityjudgmentson
statisticalcuessuchassequentiaprobabilitiesof wordsclearlydiffersfrom theview thatgrammat-
icality judgmentgeflectaccesdo principlesof grammar Thesedifferencesanbe seenclearly by
considerind_inebager's (1989)discussiorof thevariousbase®nwhich sentencdypelV (Empty
elements)night be judgedungrammatical:

"We might reject”Frank thoughtwasgoingto geta job” for any numberof reasonslf the
empty catgory is PRO, thenit violatesthe requirementhat PRO be ungorerned,so we might
rejectit asaviolation of thebindingtheory Or we mighttake theemptycategoryto beanNP trace
of Frank,assigning...] the D-Structure”___ thoughtFrankwasgoingto getthe job”; underthis
analysidthe utterancefepresentdnter alia, aviolation of thethetacriterionsincethemovedNPis
now assignedwo thetaroles. Recognitionof ary of theseprinciplesmighttriggera rejection.On
the otherhand,perhapghe sentencés ultimately rejectedbecausd¢he grammayr— by disalloving
PRO andNP tracein this position, providesus with no NP for the verb phrase€get the job’ to be
predicatedf, andthesentencaimply’makesnosenseunlesdt expressesvhoit is thatis expected
to getthejob.”

We take our resultsto indicatethat mary grammaticalityjudgmentsmay be madeon the
basisof knowledgeof sequentiaregularitiesof the type that humansapparentlycannothelp but
absorhin the courseof languagdearning(Safran etal., 1996). The degreeto which this approach
canbe extendedto otheraspect®f linguistic structureis animportantquestionthat remainsto be
answered.
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Appendix

The continuousapproacho activationis approximatedy dividing the normaltime stepsof
discretebackpropthroughtime (Williams & Zipser 1990)into ticks of someshorterduration.An
infinite numberof suchticks would representruly continuousactivation. The numberof time steps
pertick (calledthe integration constantlchangeghe grain at which activation is propagatedand
errorinjectedinto the network.

Underthis approacho approximatingcontinuougime, theinstantaneoushangen the acti-
vationof eachunitin anetwork is dependenbothonits currentstateandon theinputit is receving
from otherunits. Ratherthanthe morecommonlyuseddiscreteactivation functionthen,changdn
theactvity of unitsin the network wasgavernedby theformulagivenin equatior2

%~ it o(ai) )
o(e) = (1+ )" ©)

whereo(z) is the outputof the normal sigmoidalactiation function appliedto inputsto
unit y (seenin equation3), andy; is the stateof unit;. Thefinal parameter- is a time constant,
alsonormallyrangingbetweerQ and1, which multiplicatively altersthe rateat which unitsrisein
activation. A valueof r closeto O will mearnthataunitrisesin activationvery slovly, andavalueof
1 would meanthattheunit wouldrisein actvity attherateof 1 —e~¢, wheret is thenumberof time
stepsat which inputis provided at a constantate. In all casesthereis somerisetime associated
with theactvity of aunit.

Theactivationfunctiondescribedn equatior? definesaleaky integratorin whichtheclosera
unit’s activationis to its goaloutput(definedby the outputof the standaragigmoidaltransformation
of equation3), themoreslowly it approachegs tamget. Useof this systemallows usto vary targets
continuouslyover the courseof an example,andto train the network to be sensitve both to the
currentstateof its unitsandto theinputsit is currentlyprocessing.

In orderto apply backpropagatiorthroughtime to tamgetswith continuousunits, the back-
ward propagatiorof error mustalso be madecontinuous. The network wasthustrainedusinga
variantof backpropagatiorthroughtime adaptedor continuousunits (Pearlmutter1989)shavn
in equatiord. After aforward passweightsareupdatedn the directionandto a magnitudemade
dependendn hov muchasmallchangen theirvalueswould affecterrorin the unitsto which they
areconnectedMore concretelythechangdan weightfrom unit to unit j is madeproportionatg¢o
the partialderivative of the overall errorwith respecto thatweight.

OF
Aw;; = —€ dwi, 4
wheree is a smallconstan{thelearningrate,setat.1 in our simulations)and
OF 1 [t
== ; dt 5
e ©)

wherez is definedby thedifferentialequation6:

dz 1 1
a = ;izz' — € — Z]T—jwijUt(xj)Zj (6)
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Importantly in this versionof backprop, the = valuesof equation2 were alsoa trainable
parameteof the network, andwerealsomadesensitve to how minutechangesn r attime ¢ would
affecterrorrates holdingeverythingelseconstantasin 7

E
AT = —,ua— @)
oT;
wherey is anothersmallconstan(setat .005in our simulations)and
0FE ti Qy;
= =— —Zdt 8
ar T/to “ ot ®

Ther valuesfor all unitsin thenetwork wereinitially setto 1, but (only) thoseof the hidden
unitsandthecleanup unitsweretrained,andthusallowedto take on valuesthattendedo minimize
errorin the network. In particulay someunits could rampup quickly while othersrampup more
slowly. Thisaspecbf thetrainingregimeis whatallows thenetwork to reachbacksomevhatfurther
in time thanthe morestandardliscreteébackpropagatiortrainingregimes.



