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Abstract
Linguistshavehistoricallyfavoredsymbolic,rule-basedmodelsto explainthehumanlanguagefaculty. Suchmodelstyp-
ically possessclearexplanatoryclarity andarewell ableto handletheapparentlyrecursivestructureof naturalsentences.
In fact,they tendto betoopowerful in this respectandadhocexternalconstraintsandmanipulationsareoftennecessary
to limit theirperformanceto bettermatchhumans’imperfectabilities.Furthermore,dueto their relianceonsimplerules
andstructuredknowledge,symbolicmethodsdo not lend themselvesto learning. A focuson symbolicmodelsandan
idealizednotionof languageprocessinghascontributedto thewidespreadbelief thatlanguageis primarily innatelyspec-
ified.

But over the pasttwenty yearstherehasbeenincreasinginterestin connectionistmodelsof languageprocessing.
Initially, thesewere relatively straight-forwardimplementationsof symbolicmethodsusing simple processingunits.
However, astherepresentationalandlearningabilitiesof connectionistnetworkswereexploitedto anincreasingextent,
connectionistsystemshave takenon amarkedlydifferentcharacterthansymbolicmodels.Thishasleadto ashift in our
understandingof thecritical sourcesof informationin languageandhow they interactin processingandlearning.The
importanceof connectionismis not merelythat it links our understandingof cognitionto thehardwareof thebrainbut
thatits studyleadsto fundamentalchangesin ourunderstandingof cognition.

It now seemsquitereasonableto hypothesizethatmuchof languagecouldbe learnedby generalprocessingmecha-
nismsexposedto anaturalenvironment.However, currentconnectionistmodelshaveonly demonstratedlimited abilities
in simpledomainsandthereremainsconsiderableroomfor skepticism.Thispaperdescribesthedevelopmentof aunified
connectionistmodelof sentencecomprehensionandproduction.It extendspreviouswork in its useof moresophisticated
languages,word-level ratherthanphraseor word-classinputs,minimalsymboliccontrolstructures,andimplicit predic-
tion asa trainingmethodfor production.Thecurrentproposaloutlinesprogressto dateon themodelanddiscusseshow
it will befurtherextendedandtested.

1 Introduction

A traditionalapproachto thestudyof languagehasbeen
to focuson idealizedmodelsof its structureandto work
backwardto considerationsof how humansmight pro-
cesslanguage. Modelsarising from sucha perspective
have tendedto assumethatnormaladulthumanspossess
a processingmechanismthat is theoreticallyableto per-
form quiteperfectlyon idealized,arbitrarilycomplex lan-
guagebut is hinderedby incidentallimitationson perfor-
mance,suchasmemoryrestrictions. This separationof
our purportedknowledgeof languageandour ability to
processlanguagein practicehasbeentermedthecompe-
tence/performancedistinction(Chomsky, 1957).An addi-
tional tenetintroducedinto thestandardtheoryby Chom-

sky, is that statisticalinformation, or the relatively fre-
quency of occurrenceof variouscomponents,haslittle or
no relevancefor thelinguist.

This perspective has tendedto yield languagepro-
cessingmodels that directly pattern after the compe-
tence/performancedistinction.Becauseit now seemsnat-
ural to characterizesyntax using rule-based,algebraic
grammars,a standardassumptionhasbeenthatany sys-
temableto processlanguagemustbecapableof manipu-
lating informationin a rule-basedor algebraicway, much
like a typical computerprogram. Suchsymbolicmod-
els areoften able to performquite well on the task for
which they weredesigned.Performancefactorstend to
enterinto symbolicmodelsby theintroductionof explicit
hindrances.Althoughmostsymbolicistswouldagreethat
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ultimatelythesystemmustbe implementedin theneural
hardwareof thebrain,they wouldarguethatthisdoesnot
significantlyaffect the symbolic algorithmembodiedin
themodel.

However, while it is certainlyanaccomplishmentto de-
signamodelableto solveaknownproblem,afull account
of thelanguagesystemmustexplainhow it is ableto learn
the languageto which it is exposed. It hasprovedquite
difficult to learnthecomplex rulesuponwhich symbolic
modelsarebasedfrom the linguistic inputsto which we
believe humansareexposed. Indeed,if statisticalinfor-
mationis ignored,thereappearto betheoreticallimits on
whatageneralmechanismcouldlearn(Gold,1967).This
is compoundedby thefact thatmany “rules” of language
permit exceptionsandthe languageto which we areex-
posedoccasionallyviolatestheruleswe eventuallylearn.
The apparentdifficulty or even impossibility of learning
languageunderthe standardperspective, as well as the
existenceof universalpropertiesof language,hasleadto
a widespreadview thatmuchof language,evenvery de-
tailed rulesgoverningcomplex aspectsof syntax,is not
learnedbut is innately predetermined(Chomsky, 1975;
Pinker, 1989;Crain, 1991). This hasbeenreferredto as
“Chomsky’s wager”(Hahn& Adriaens,1994)or thena-
tivist perspective.

1.1 The connectionist revolution

Over thepasttwentyyearsanalternativeto thetraditional
theoryof languagehasbeendeveloping. This hasgrown
largely, althoughnot entirely, out of researchin connec-
tionism. Connectionismseeksto gainanunderstandingof
the brain throughthe studyof thecomputationalproper-
tiesof largenetworksof simple,interactingunits,which
aresimilar in many waysto neurons(seeMedler (1998)
for a review of early connectionistwork). Someof the
first applicationsof connectionistnetworksto language
weresimply localist implementationsof symbolic mod-
elsusingsimple,connectedunits.1 Thesimplestformsof
thesenetworksdonot makeefficient,paralleluseof their
resources.Althoughthesemodelstendto avoid theuseof
externalmemorystores,they sharemany of theproperties
of symbolicsystemsandremaina form of connectionism
embracedby symbolists.

However, it wasthendiscovered,or perhapsrediscov-
ered,thatsomeleveragecouldbegainedby allowing the
unitsto interact:exciting andinhibiting one-anotherover
time (McClelland& Rumelhart,1981).Suchinteractive-
activationmodelswereable to integratesoft constraints

1A localist modelor representationis onein which individual units
corresponddirectly to particularsymbolsor concepts.Thealternative is
a distributedrepresentation,a many-to-many mappingin which a con-
ceptis representedasa patternof activation overmultiple unitswhich
themselvesmayparticipatein representingotherconcepts.

deriving from multiple sources,a processthatappearsto
be importantin many cognitive domainsandthat is not
easilycapturedin rule-basedsystems.Thenext majorstep
in the developmentof connectionismwasthe realization
thatconceptsneednot berepresentedusinglocalistunits
but canbedistributedpatternsof activationover multiple
units(Hinton,McClelland,& Rumelhart,1986).This al-
lows networksto representgradeddegreesof similarity
betweenconcepts,to representnew conceptswithout the
additionof units,andto generalizeinformationaboutre-
latedconceptsin productive ways. This furtherwidened
thegapbetweenthebehaviorscharacterizablein symbolic
andconnectionistsystems.

Thefinal majordevelopmentof connectionismwasthe
inventionof learningrules,mostimportantlybackpropa-
gation, thatallow networksto learnrepresentationsinter-
mediatebetweeninputsandoutputs(Rumelhart,Hinton,
& Williams,1986).Suchsocalledhiddenrepresentations
areable to capturehigher-orderstructuregoverning the
regularitiesin theinput/outputmappingsto whichthenet-
work is exposed.This allowsneuralnetworksto perform
significantly more complex tasksthan simple one-layer
networksandextendstherangeof propertiesthenetworks
areableto display. For example,anetworkmightpick up
on strongregularitiesin a domainandappearto follow
rule-like behavior, as do humansand symbolic models,
but without explicitly implementingtherule anywherein
thenetwork(Plaut,Seidenberg, McClelland,& Patterson,
1996). Thus, connectionistnetworkshave begun to re-
vealalternativeexplanationsfor naturalbehaviors thatare
quiteunlike thosederiving from thesymbolictradition.

1.2 The connectionist view of language

Thetraditionalapproachto languageresearchhasfocused
largely on the taskof parsing;that is, constructinga la-
beledhierarchicalrepresentationof thestructureof a sen-
tence,usually reflecting the grammaticalrules usedto
generateit. Symbolicmodelsexcel at manipulatingsuch
representations,but they struggleto incorporatemeaning
into sentenceprocessing.It is not easyto captureslight
variationsin meaningwith variablesandvalues.Oneas-
pect of languagethat is problematicin particularis the
way in which subtleaspectsof word meaningcan have
a significantinfluenceon the correctsyntacticinterpre-
tation. Furthermore,symbolicmodelstend to be brittle
whenfacingslightly ungrammaticalsentencesor surviv-
ing mild damage.Theseandotherproblemsencountered
by theclassicalview of sentenceprocessingarediscussed
furtherin McClelland,St.John,andTaraban(1989).

Humanlanguageusersdonothave quitethesamelim-
itationsas symbolicmodels. We show remarkablesen-
sitivity to meaning,beingfrequentlyunawarethatseem-
ingly clearsentenceshave multiple incorrectsyntacticin-
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terpretationsthatmight confusea rule-basedparser. And
yet, we strugglewith other aspectsof language,partic-
ularly thosebestmodeledby recursive, symbolicgram-
mars. One example is our well-known difficulty un-
derstandingmultiple center-embeddingssuch as, “The
mousethecatthedogbit chasedranaway.” Thestandard
modelof sentenceprocessingsuggeststhatwe possessa
symbolicparsingmechanismaugmentedby someform of
memorystore,perhapsin the form of a stack. Our diffi-
culty with structuressuchasmultiple center-embeddings
is explainedby postulatingthat thememorystoreis sim-
ply exhausted.Given that the humancortex containsat
least10 billion neurons,it seemssuspectthat theresim-
ply isn’t enoughcapacityto rememberthreenounsand
threeverbsto enablethesesentencesto be parsed,even
after training (Blaubergs & Braine,1974). It is interest-
ing to notethatsyntaxandmorphology, themostrule-like
aspectsof language,arealsothosethatseemhardestfor
usto learn,bothaschildrenandasadultsecond-language
learners.

On theotherhand,theconnectionistapproachappears
to offer aperspective thatmaybettercharacterizetheabil-
ities and limitations of humanlanguageusers. Modern
connectionistnetworksarehighly sensitive to the statis-
ticsof theenvironmentandtheinteractionsbetweencon-
stituentswithin it. Distributedrepresentationsprovide a
naturalwayto encodeandmanipulatewordandutterance
meanings.Althoughconnectionistnetworksareless-well
suitedto manipulatingsymbolic information, it may be
that theselimitationsmirror thesamedifficultieshumans
experiencewith deepstructures. Furthermore,suchre-
straintsare inherentto the processingmechanismof the
network, ratherthan easilymanipulatedandperhapsad
hoc externalconstraintsimposedon a competentmodel.
Thestudyof connectionistmodelsof languagehave even
lead someto questionthe importanceof truly recursive
mechanismsin processingnaturallanguage(Christiansen,
1992).

Finally, neuralnetworkshave theability to learnawide
variety of tasks,including many that appeargermaneto
naturallanguage.In contrastto thestandardview, which
emphasizesidealized,rule-basedmodelsanddownplays
therole of statisticsandsemanticinfluences,theconnec-
tionist approachfocuseson the distributional properties
of theinput to which thelearneris exposedandaskshow
languagecanbe learnedbasedon that input. While the
languagesystemmayultimatelydeveloprule-likebehav-
ior, this behavior is not pre-specifiedbut is learnedon the
basisof theregularitiesin thelanguage.Thedevelopment
of rule-likemechanismsfor solvingregularmappingsnat-
urally arisesin a reasonablelearningmechanismthat is
pressuredwith limited resources.The rulesof language
shouldnotbeviewedaslawsbut asinformation-reducing
conveniences.

With thisalteredfocus,weareleadto questiontheutil-
ity of postulatinganidealized,perfectlanguageuser. Ac-
cordingto analternateview, oneis competentat language
if onecancommunicatewith others.Theproblemof lan-
guagelearning is not a matter of developing a perfect
grammarbut of learningto communicateeffectively (Sei-
denberg & MacDonald,in press). Ratherthanfocusing
on theactof parsingsentences,which mosthumansmay
not evenengagein at any explicit level, thereoughtto be
renewed interestin the tasksin which we know humans
engage:comprehendingandproducingutterancesfor the
purposeof communicatingideas. Taskssuchasjudging
thegrammaticalityof asentenceor performinglexical de-
cision2 arenotnaturalto mostlanguageusersbut arebuilt
on top of thereal languagesystemand,while potentially
revealing,aresecondaryaspectsof languageuse.

Giventheoftenimpressiveability of neuralnetworksto
learncomplex taskswith relatively genericinitial struc-
ture, many researchershave begun to questionthe level
of innateinformationthatis reallynecessaryfor language
learning.Theoldargumentthataparticularbehavior must
be innate becausewe cannotimagine how it could be
learnedis no longervalid. Many researchersarereturn-
ing to the initial hypothesisthat all aspectsof language
arelearnedby themostgenericmechanismpossibleand
searchingfor thosemechanismscapableof learningin the
environmentto which we are exposed. Thus, one out-
comeof theconnectionistrevolution is, or oughtto be,a
renewedinterestin accuratelycharacterizingthedistribu-
tionalpropertiesof thelanguagelearningenvironment.A
secondoutcomeis a renewed interestin accuratelychar-
acterizinghumanlanguagebehavior to allow our models
to bereasonablyevaluated.In thepast,our performance
on variouslanguagetestshasfrequentlybeencharacter-
ized as following very simple rules and the result has
beenmodelsdesignedto implementthoserules.However,
work with connectionistmodelshasleadto therealization
thata modeltrainedon onetaskmayshow particularbe-
haviors on a relatedtaskor underdamagethatdo not di-
rectly reflectthemechanismsbuilt into themodel. What
appearto berule-likebehaviors,maynot beexactly rule-
like andmaynotreflectmechanismsthatimplementthose
rulesin any obviousway.

Threecritical questionsat this junctureare:

1. What information is available in the language
learner’senvironment?

2. Whatabilitiesdoesthelanguagelearneracquireand
what behaviors doesthe learnershow in exercising
thoseabilities?

3. Cana systemlearnthoseabilities in an appropriate

2Lexical decision is the processof deciding whethera particular
stringof charactersor soundsis, in fact,aword.
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environment and what propertiesmust the system
have to demonstratethe samebehaviors as human
learners?

Despitedecadesof researchon language,we are far
from answersto any of thesequestions.Having only re-
centlybegunto seethetrueimportanceof statisticalprop-
ertiesof thelanguageenvironment,wearenow facedwith
anunfortunatelack of sufficient data,particularlyon the
typical exposureof children in everyday life at various
stagesof development.Althoughwe have acquiredvast
knowledgeaboutsuchtestsaspriming andlexical deci-
sion,wehave relatively little informationaboutthemajor
languageabilitiesof comprehensionandproduction.

1.3 The proposed research

Although work to date on connectionistnetworkshas
beenvery revealingandhashada growing impacton the
studyof language,the skepticis quite justified in ques-
tioningtheability of networksto handlethefull complex-
ity of natural language. Largely due to technicallimi-
tations,connectionistmodelsuntil now have mainly fo-
cusedon peripheralaspectsof language(suchasopera-
tions on singlewords),have bypassedlearning,or have
usedextremely simple surrogatesfor natural language.
Therehasbeenaninterestin applyingmodelsto thesim-
ple taskson which many psycholinguistshave focused,
with relatively little work on comprehensionandproduc-
tion. The conviction underlyingthe currentproposalis
that,to theextentit is technicallyfeasible,weshouldfirst
andforemostbe focusingon the primary languageabil-
ities. Modelsshouldbe trainedon the taskswe believe
humansareperformingin everydaylife with exposureto
the samesortsof inputshumansexperience.Studiesof
peripheraltasks,suchasgrammaticalityjudgement,prim-
ing, or lexical decisionshouldbe basedon a modelthat
haslearnedthe morebasicabilities. The behaviors ob-
servedin peripheraltasksarelikely to have emergedfrom
the mechanismsthat have developedto handlecommu-
nication. Unlesswe betterunderstandthe propertiesof
suchmechanisms,our searchfor explanationsof behav-
ior will be lessgrounded. Therefore,the primary goal
of this project is to extend currentconnectionistmodels
of sentenceprocessingto thetasksof comprehensionand
production.

As a startingpoint, however, we begin with thesome-
whatsimplertaskof predictingthenext word in thesen-
tence.Predictionhasbeenthe focusof quitea bit of re-
searchin theconnectionistcommunity(Elman,1991;Ro-
hde& Plaut,in press)for several reasons.Learningpre-
diction doesnot requireanadditionalteacheror training
signal: thecorrectnext word is alwaysobservablein the
input. Onlinepredictioncanbequiteuseful in language

processing,helpingto disambiguatenoisy input or antic-
ipatethespeakers’intentions.However, predictionis not
a simpletaskandaccuratepredictionrequiresa represen-
tationalstructureof a languageequalin power to a gram-
marfor generatingthelanguage.Nevertheless,prediction
is attractive to connectionistresearchersbecause,among
other reasons,networksappearrelatively well-suitedto
learningprediction.

A majorproposalembodiedin thecurrentwork is that
predictionlearnedduring the observationof speechmay
betheprimarytrainingmechanismof subsequentproduc-
tion. I suggestthat the languageusermay beconstantly
engagedin formulating predictionswhile comprehend-
ing or merelyobservinglanguage.Thesepredictionsare
guidedby someknowledgeof themessagethespeakeris
trying to convey, derivedeitherfrom precedingutterances
or experiencewith the messageslikely in thecurrentsit-
uation. Predictionin itself may aid comprehensionas it
sensitizesthelearnerto thestructureof utterances.How-
ever, moreprofoundly, the ability to formulateaccurate
predictionsin a strongmessage3 context is very nearly
equivalentto theplanningabilitiesrequiredin production.
Essentially, the predictorhaslearnedwhat a reasonable
personwouldsayto convey a particularmessageandhas
solveda significantproportionof thepredictionproblem.

Thecurrentplanof researchwill focusonfour mainar-
easof languageprocessing—encodingmessages,predic-
tion, comprehension,and production—andwill attempt
to tell a plausiblestory abouthow they may interactin
a connectionistsystem.Ultimately, themodelshouldbe
judgedby its ability to accountfor humanbehavior both
developmentallyandin theadultstage.Althoughsignif-
icant progresshasbeenmade,many technicalquestions
remainto beansweredbeforethemodelwill bereadyfor
evaluation.

1.4 An outline of the current paper

Section2 of this paperprovidesa brief overview of con-
nectionistwork on sentenceprocessingto datein order
to situatethecurrentendeavor in a broadercontext. Sec-
tion 3 discussesin greaterdepthwork that I and others
have doneon the predictiontask. This summarizesre-
centevidencethatsimplerecurrentnetworksmaynot,as
previously thought,gainsignificantadvantagein starting
with simplelanguagesor reducedmemorycapacity. Sec-
tion 4 describeshow a predictionmodelcanaccountfor
the“wannaproblem”,which is a muchdiscussedlinguis-
tic phenomenonregardingthe raresituationsin English
in which the phrase“want to” may not be contractedto
“wanna”. Althoughit hasbeenarguedthatknowledgeof
thisdistinctionmustbeinnate,it is heredemonstratedthat

3Thetermmessageis usedto referto themeaningof asentence.This
differsfrom thesentenceitself, which is languagespecific.
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it is possiblefor a systemsensitive to the statisticsof its
input to acquireknowledgeof thedistinctionfrom expo-
sureto a reasonableenvironment.

Section5 discussesthe generalframework of the cur-
rentprojectandits maingoals.It alsointroducesthesim-
plifiedEnglish-likelanguageusedin theexperiments.The
next threesectionsdescribethe maincomponentsof the
model. Section6 discussesthe encodingof messagesin
staticrepresentations.Twodifferentapproachesareinves-
tigated:theuseof recursive auto-associativememoriesor
RAAMs (Pollack,1990)andquerynetworks. Section7
considersthe problemof jointly learningcomprehension
andpredictionusingeither the RAAM or querymethod
of messageencoding.Oneconsiderationis theeffectpre-
diction mayhave on comprehension.Section8 discusses
theadditionof productionto thecomprehensionandpre-
dictionnetwork,althoughtheinitial investigationsof this
portionof theprojectarenot yet complete.Thefinal sec-
tion reiteratesthe limitationsandgoalsof themodeland
outlinestheplanfor theremainderof this thesis.

2 A Brief Overview of Connectionist
Sentence Processing

Thisreview considersthemostsignificant,or at leastwell
known, connectionistmodelsof sentenceprocessingto
date. Therehave beena numberof similar efforts in the
past(Diederich,1989;Sharkey & Reilly, 1992;Hahn&
Adriaens,1994;Wermter, Riloff, & Scheler, 1996;Chris-
tiansen& Chater, in press-a;Steedman,in press),but
the focus here is on modelsthat addressthe semantic
andsyntacticissuesinvolvedin handlingmulti-word ut-
terancesand will ignore mostof the importantapplica-
tionsof connectionistnetworksto otherphenomenasuch
asword reading,lexical decision,andpasttenseforma-
tion. The modelsillustrate a progressionfrom localist
implementationsof symbolicsystems,to systemsof in-
teractinglocalist units, to distributedrepresentationsand
multi-layer learningrules,to recurrentlearningsystems.
Althoughtheearlylocalistmodelsarediscussed,mostof
thelaterlocalistor hybridsymbolic/connectionistsystems
havebeenexcludedasthey typically differ from symbolic
systemsonly in the implementationaldetails. However,
a numberof hybrid systemsare reviewed in Wermter,
Riloff, and Scheler(1996). Most sentenceprocessing
modelsare designedto addressone of four major lan-
guagetasks:parsing,comprehension,wordprediction,or
production.I considereachof thesecategoriesin turn.

2.1 Parsing

Parsing,or producinga syntactic,structuraldescription
of a sentencefrom its surfaceform, is the sentencepro-

cessingtaskthathasreceivedthemostattentionfrom the
symbolic community. Indeed,given that the traditional
approachto languagehasminimizedall attentionto se-
mantics,parsingis oneof the few behaviors left that,os-
tensibly, doesnot rely on semantics.4 Thus, it should
not be surprisingthat many of the connectionistparsing
systemsfound in the literatureare essentiallysymbolic
modelsimplementedtransparentlyin connectionisthard-
ware. Learninghasnot playeda major role in mostof
thesemodelsfor two reasons.Most connectionistparsing
modelshavebeenlocalist.Thisarchitecturelendsitself to
hand-designedweightstructuresbut noteasydesignof ef-
fective learningenvironments.But morecritically, learn-
ing to produceanexplicit parseof asentencerequires,for
mostsystems,training datalabeledwith correctparsing
information. However, few believe that this is actually
availableto thechild sosuchmodelsareof questionable
relevanceto humanlearning.

Thefirst significantproposalfor a connectionistmodel
of parsing,Small, Cottrell, andShastri(1982),doesnot
actually fit the patternof a transparentlysymbolic ap-
proach. Following McClelland and Rumelhart(1981),
this modelstressesthe importantof interactionbetween
syntacticinformationandsemanticsor generalmemory
skills. This interactive activationapproachcontrastswith
morestandardparsingtheoriesthatstresscompartmental-
ism and serial processing(Frazier, 1979; Fodor, 1983).
TheSmallet al. model,implementedin laterwork (Cot-
trell, 1985b),is not actuallya full parserbut is designed
for word-sensedisambiguation,which is arguablyanim-
portantsub-taskof parsingor comprehension.Themodel
useslocalist units to representlexical items, individual
word senses,and caseroles. Theseunits excite or in-
hibit oneanotherthrougha setof hand-designedconnec-
tions.Becauseof this, themodelis not easilyexpandable
to largervocabulariesor complex linguisticstructures.

Cottrell (1985a)extendedtheearlierwork with thead-
dition of a full-fledged syntacticparsingnetwork. The
networkcanbegeneratedautomaticallygivenagrammar,
but still requiressomeweight-tweaking.Conceptsareas-
sociatedwith caserolesby meansof localistbinderunits.
Thus,thereis a unit for eachconcept/rolepair andthey
mutually inhibit oneanother. Units in the syntacticpor-
tion of thenetworkrepresentthenon-terminalsymbolsof
the context-free grammarand their interconnectionsre-
flect thepossibleproductionsin thegrammar.

Themodelis interestingin thatit is ableto processsen-
tencespresentedin atemporalsequenceandmakesuseof
interactingtop-down andbottom-upinformation. How-
ever, it has a numberof limitations. As is a common

4The extentto which thereexistsan independentsyntacticparsing
modulehasbeena matterof considerabledebate,but mostconnection-
ists are increasinglyskepticalof the existenceof sucha module(Mc-
Clellandetal., 1989;Seidenberg & MacDonald,in press).

5



Rohde A ConnectionistModelof SentenceComprehensionandProduction

problemwith othermodelsthat makeuseof case-roles,
themodeldoesnot appearcapableof handlingsentences
with multiple verbs. It is alsoonly ableto processfixed
lengthsentencesandrequiresconstituentrecognizerswith
duplicatedandpossiblynon-connectionistcontrol struc-
tures.Finally, somemight complainthatthemodelis not
guaranteedto settleinto a single,coherentinterpretation
of any sentence.

Several other connectionistparsingmodelsappeared
at the sametime. Exceptwherenoted,they were local-
ist, non-learningmodels. Becausethey alsousea fixed-
sizenetworkanda staticinput representation,ratherthan
temporally codedinputs, thesenetworksare only able
to processsentencesup to a finite lengthandoften rely
on redundantstructure,asin theCottrell (1985a)model.
Waltz andPollack(1985)presentedaninteractive activa-
tion modelwhich differs from otherwork in that it does
not consistof a singlenetwork. Rather, the network is
generatedbasedon the grammarandthe sentence.This
network is only able to representthe possibleparsesof
the given sentence.A settlingphaseallows the network
to settleinto a particularinterpretation.Themodelhasa
numberof drawbacks,mostsignificantof which is thatit
is not grammar-generalbut usesa programto producea
sentence-specificnetwork.Thenetworksalsodonot pro-
cesswordsover time but usea staticinput representation
andthusarenot ableto producepartial, online interpre-
tationsof sentences.Although the implementedmodel
waspurelylocalist,WaltzandPollackproposedthatcon-
ceptsshouldnot be representedby single nodesbut by
distributedpatternsof “microfeatures”,a suggestionthat
wouldbeadoptedin laterconnectionistmodeling.

Fanty (1985, 1994) took a rather different approach.
Aiming to producea networkthat is deterministic,fast,
andguaranteedto work, Fanty deviseda way to imple-
menttheCYK dynamic-programming,context-freepars-
ing algorithm(Younger, 1967)in a localistnetwork.The
networkis ableto handlesentencesup to a fixed length.
It essentiallycontainsaunit for everynon-terminalpaired
with eachsub-sequenceof the input. The networkoper-
atesin two passes:a bottom-upphaseand a top-down
phase. In the bottom-upphase,units for increasingly
longersub-sequencesbecomeactive if their non-terminal
could have producedthe wordsin that sub-sequence.In
the top-down phase,units thatdon’t fit within a coherent
parsearesilenced.In the end,only units thatparticipate
in a legal parseremainactive. Thus,the modeldoesnot
requireanextendedperiodof relaxation.It is interesting
becauseit suggeststhat languagecould be parsedby a
non-recursiveprocedure.

However, most naturallanguagesentenceshave mul-
tiple possiblesyntacticparsesand Fanty’s basicmodel
is not able to selectthe appropriateone. Fanty consid-
eredonewayto biasthemodeltowardselectingshallower

parses,but did not entertainthe integrationof critical se-
manticinformationasin othermodels. The othermajor
limitationsof the modelarethat it canonly handlefixed
lengthsentencesandit relieson redundantstructure.Al-
thoughthe model is not able to learn entire grammars,
Fanty discussedhow small errorsin the modelcould be
correctedthroughlearning.Rager(1992)describeda lo-
calistmodelbasedonFanty’sbut designedto handle“ex-
tragrammatical”,or slightly incorrect,sentences.

SelmanandHirst (1985,1994)presenteda modelthat
differs from other early connectionistparsersin that it
usesa variation on the Boltzmannmachine(Fahlman,
Hinton,& Sejnowski, 1983)with non-deterministicunits
andasimulatedannealingschemeto allow thenetworkto
settlegraduallyinto a stableconfiguration.The rulesof
a context-free grammarare implementedin the network
by meansof syntacticbinderunitsthatinhibit oneanother
andexcite units for symbolsthatparticipatetogetherin a
production. The useof simulatedannealing,while very
slow, allows the network to settleinto the correctparse
with high probability. However, asin otherlocalistmod-
els,thismodelrequiressentencesto beboundedin length
andusesredundantstructure.Dueto theproliferationof
binderunits,thesizeof thenetworkmaygrow intractable
with morecomplex grammars.Furthermore,althoughit
wassuggestedas the next step,this modeldoesnot in-
corporatesemanticinformationandit is not clearhow it
woulddealwith syntacticambiguity.

CharniakandSantos(1987)describedanotherlocalist
parsingmodelthatdiffersfrom theothersin that it usesa
sliding inputwindow. Thisallowsthenetworkto theoret-
ically handlesentencesof unboundedlengthbut hinders
the ability of the model to processlong-distancedepen-
dencies,such as thosesurroundingcenter-embeddings.
Although the modelwassuccessfullyimplementedfor a
verysimplegrammar, it is notclearthatits parsingheuris-
tics would be sufficient to handlemore complex gram-
mars. The model also usespartsof speechratherthan
lexical inputsandwasthusclearlyunableto incorporate
semanticsor resolvesyntacticambiguities.

Howells (1988) describedan interactive activation
parserknown asVITAL. Like Waltz andPollack(1985),
Howells’ networksweregeneratedduringparsing.How-
ever, it appearsthat the model could have beenimple-
mentedas a single network. Given that the connection
weightsandunit thresholdsin the modelwerecarefully
balanced,it is unclearhow well it couldbescaledto han-
dle more complex languages.One interestingaspectof
themodelis thatit makesuseof thefrequency with which
productionsin the grammarareusedin sentencesit has
experienced. Thus, parsingcan be biasedtoward more
commoninterpretationsandallows for a limited degree
of learning.However, themodeldoesnot incorporatese-
manticinformation.
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Themodelof NakagawaandMori (1988)alsoinvolves
constructingthenetworkon-the-fly, but ratherthanbuild-
ing a networkfor the entiresentenceprior to parsing,it
is generatedsequentially, essentiallyimplementinga left-
cornerparser. Sigma-piunits—thosewith multiplicative
rather than additive inputs—areusedto enforceorder-
ing constraintson grammaticalstructures.Although the
modelcan theoreticallyparseunboundedsentences,the
copyingmechanismusedto constructtheparsetreeis not
physiologicallyreasonable.The modelalsodoesnot in-
corporatelearningor semanticconstraints.

The commonalitiesevident in theseearly connection-
ist parsingmodelsleadsto somegeneralizationsaboutthe
limitations of the localist approach.With localist units,
the representationalcapacityof the network is propor-
tional to its size, leadingto the inevitable problemthat
a fixed-sizenetworkcan only handleinputsof bounded
length or complexity. Like the limitations of symbolic
modelsandunlike thoseof networksthat usecomposi-
tional distributedrepresentations,this resultsin hardlim-
its on the processingability of localist networks. Such
modelsdo not exhibit a gradualdegradationof perfor-
mancewith moredifficult inputsandmodelingof perfor-
mancedatagenerallyrequiresadhoc limitations. Learn-
ing is difficult in localistnetworkslargely becauseof the
problemof designingsupervisedtraining environments.
This is compoundedby the fact that large localist net-
works tend to require redundantstructureand effective
learningmechanismsoughtto generalizewhat is learned
acrossduplicatedsub-networks.It is difficult or impossi-
ble to accomplishthis in a reasonablemanner. Finally,
hand-wirednetworks do not allow easy incorporation
of semanticinformation,which is necessaryfor parsing
structurallyambiguoussentences,asaptly demonstrated
in McClelland,St.John,andTaraban(1989).Asidefrom
the ability to incorporatemultiple sourcesof weakcon-
straints, localist networksprovide few advantagesover
symbolicmodels.

While thelastdecadehasseenquitea few hybridcon-
nectionist/symbolistparsingmodels,I will only mention
two instances. The CDP model of Kwasny and Faisal
(1990)is a modificationof the PARSIFAL deterministic
parser(Marcus,1980).Severalof thecomponentsof this
rule-basedparserwereremovedandreplacedwith a con-
nectionistcomponent.This networkwastrainedto sug-
gestactionsto be takenby the symboliccomponentsof
themodelbasedon thecontentsof thesymbolstackand
constituentinputs.Themodelwasreportedlyableto pro-
cessungrammaticalandlexically ambiguoussentencesin
an appropriateway. However, it is not clearwhat effect
thenetworkcomponentreallyhadon themodel.Thepri-
maryrelianceona symbolicparsingmechanismis some-
thingmostconnectionistresearcherswouldhopeto avoid,
andtheauthorsdid recognizetheneedfor morefully con-

nectionistparsersanddiscussedsomeof the hurdlesin-
volved.

Most grammar-basedparserssuffer from an inability
to parsesentencesthat fall outsideof the given gram-
mar. This canbea seriousproblemgiventheprevalence
of pauses,false-starts,corrections,andword-substitutions
in spokenlanguage. Wermterand Weber(1994,1997)
andWeberandWermter(1996)wereinterestedin design-
ing a modelthatwasrobustin thefaceof suchproblems.
Their SCREENmodelis a complex, highly modular, hy-
brid connectionist/symbolic system. While someof the
modulesareimplementedin a symbolicmanner, mostare
networkstrainedto performaparticularoperation.Rather
thanproducingfull parsetrees,theSCREENmodelgen-
eratesa flat syntacticand semanticparse. That is, the
modellabelstheconstituentsby their syntacticclass(e.g.
noun or verb), their more abstractsyntactic level (e.g.
noungroupor verb group), andsomeof their semantic
propertiesincludinga few thematicroles(e.g. agent,ac-
tion, or animate). The modelwastrainedandtestedon
spontaneousspokenutterancesandappearsto work quite
well. While theoverall modularstructureof thenetwork
is a symbolicdesign,theuseof trainable,distributednet-
worksallowsfor acertainlevel of generalizationandfault
tolerance.However, a seriouslimitation of themodel,for
many applications,is that the flat parselacks much of
the information necessaryto constructa full parsetree.
For example, the model doesnot appearto be capable
of representingmultiple interpretationsof a prepositional
phraseattachmentambiguity.

The JainandWaibel (1990)model is essentiallya lo-
calist, slot-basednetwork but doesincorporatelearning
and distributed representationsat the word level. The
modelconsistsof a seriesof layerswhichessentiallyrep-
resentwords,phrases,clauses,andinter-clausalrelation-
ships. Theselayersaretrainedindependentlywith spec-
ified targetsand thereforeinvolve only limited learned,
distributedrepresentations.The model is interestingin
its ability to processinputsover time,producingexpecta-
tionsof sentencestructure,anddynamicallyrevising hy-
potheses.However, it only hasa fixednumberof phrase
andclauseblocksandusesweight sharingto generalize
learningacrossphraseblocks. This appearsto causea
difficult trade-off betweenpropergeneralizationandover-
generalization.It is not clearhow well this modelcould
makeuseof semanticinformationin resolvingambigui-
ties.

Althoughseveralearlierconnectionistmodelsthatwere
notpurelyparsersaredescribedin Section2.5,theXERIC
model of Berg (1992) was one of the first distributed
modelsthat learnsto parse.XERIC combinesa simple-
recurrentnetwork(Elman,1990)with a RAAM (Pollack,
1990)andis ableto takewordsover time andproducea
representationthat can be decomposedinto a parsetree
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whosestructureis basedon X-bar theory. This model
hasthe advantageover localist methodsthat it can pro-
cessunboundedsentenceswith only gradualdegradation
in performance.Although it wastrainedon a fairly sim-
ple grammar, the model is able to parsesentenceswith
ratherdeepstructure. While not included in the origi-
nal work, it would be theoreticallypossibleto introduce
semanticinformation into this modelby usinga micro-
featuralencodingfor wordsat theinput. Despiteits suc-
cesses,XERIC might not beconsideredanadequatecog-
nitive modelas the hierarchicaltraining procedure,like
that for the RAAM, requiresconsiderablememoryand
symboliccontrol. More crucialhowever, aswith theJain
andWaibel(1990)model,is that theparsinginformation
usedto train thenetworkis notavailableto thechild.

Henderson(1994a,1994b,1996)describeda localist,
non-learningconnectionistparserbasedon temporal syn-
chrony variable binding (TSVB) and inspired by sym-
bolic parsingtheories. The main idea behindTSVB is
thatvariablebindings,suchasthebindingsof constituents
to thematicroles,canbe representedby synchronousfir-
ing of constituentand role representations.The useof
temporalsynchrony, ratherthan somethinglike binding
units,reducestheneedfor duplicatestructureandpermits
greatergeneralization.Hendersonarguedthat theoverall
architectureis biologically well-motivated. The model,
whichis basedonstructureunificationgrammar(Hender-
son,1990),doesnot itself constructanentireparsetree.
Rather, it producestree fragmentswith sufficient infor-
mationthatthey couldbecombinedinto a completetree.
Becauseit is a deterministicparser, never backtracking
on its commitments,andbecauseit is unableto represent
disjunctionsof interpretations,it is likely that this model
wouldhavegreatdifficulty with ambiguoussentencesand
suffer from anoverly stronggarden-patheffect. Themain
drawback of the model is that it is primarily a connec-
tionist implementationof a symbolicalgorithmandlacks
many of theadvantagesof connectionistnetworks,includ-
ing the ability to learn and makeuseof multiple weak
constraints.

HendersonandLane(1998)andLaneandHenderson
(1998) describedan extensionof the TSVB approach,
known asa simplesynchrony network, that can learn to
parsesentences.Thenetworktook thepartof speechtags
for the sentenceconstituentsasinput andwastrainedto
producethe parsetree fragmentof any constituentseen
sofar whenthatconstituentis queried.Althoughthenet-
work never producesa full parsetree,the treefragments
could be assembledinto one. The networkwas able to
learnto parsea corpusof written Englishto a reasonable
degreeof proficiency. However, this successis bounded
by thelimits of relying on partsof speechratherthanac-
tual words.This modelmight gainsomeadvantagefrom
usingwordsratherthantagsas input, but it would then

encounterproblemsof lexical ambiguity. Nevertheless,
themodelis ratherinteresting,andcouldpotentiallyhave
reasonablepracticalapplications. I might note that, the
nameaside,TSVB seemsto be identical in practiceto
the querymechanismsusedin St. JohnandMcClelland
(1988,1990,1992)andin thework presentedin this pa-
per.

2.2 Comprehension

Although parsingmodelshave sometimesbeenlabeled
comprehensionmodels,I usethe latter term hereto re-
fer to systemsthataim to derive a meaningfor an utter-
ancethat goesbeyond its syntacticstructure.Thereare,
in fact, relatively few comprehensionmodelsin the liter-
ature. This may be due largely to the difficulty of rep-
resentingandprocessingsemanticinformation. Concept
and phrasemeaningsinvolve subtleaspectsthat cannot
easilybecapturedin a symbolicor localistsystemanddo
not interactin a cleanlycombinatorialfashion. Further-
more,systemsableto manipulatesuchinformationdonot
lend themselves to top-down designandarebettercon-
structedwith learningmethods. Therefore,comprehen-
sionhaslargely beenthe domainof distributed,connec-
tionistmodels.

Hinton(1981)discussedonewayin whichsemanticin-
formationandassociationscould be storedandrecalled
usingdistributedrepresentationsandpointedout someof
the advantagesthis hasover traditionallocalist semantic
networksandover staticdistributedrepresentations.One
advantageis thatassociationsformedbetweenitemsmay
automaticallygeneralizeto semanticallysimilar items.
This work appearsto have influenced,directly or indi-
rectly, many subsequentconnectionistmodelsof seman-
tics.

Onesuchmodelis thatof McClellandandKawamoto
(1986).While it doesnotderivefully structuredrepresen-
tationsof sentencemeaning,thismodelproducesthematic
caserole assignments,whicharethoughtto beanimpor-
tantelementof comprehension.Assigningcaserolestyp-
ically involveslabelingthenounsin a sentenceasagents,
patients,instruments,andso forth. A key observation is
thatproperassignmentof caserolesdoesnot simply de-
pendon word order but also involves considerationsof
wordmeaning,inflectionalmorphology, andcontext. Mc-
ClellandandKawamotohopedtheirmodelwouldbeable
to selecttheappropriatereadingsof ambiguouswords,fill
in missingargumentsin incompletesentences,andgen-
eralizeits knowledgeto handlenovel wordsgiven their
semanticproperties.

The modelusesstochasticunits anda single layer of
weightsthat is trainedusingthe perceptronconvergence
rule. Theinputsto themodelconsistof thesemanticfea-
turesof up to four main constituentsof the sentence—
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threenounsanda verb—whicharethenrecodedin four
larger setsof units that representconjunctionsof pairs
of elementsfrom the original arrays. The modelis then
trained to producethe semanticrepresentationsfor the
fillers of up to four thematicroles: agent,patient,instru-
ment,andmodifier. Themodelis ableto satisfymany of
the authors’goals,including resolvinglexical andstruc-
tural ambiguities,handlingshadesof meaning,andgen-
eralizingto novel words.However, asthey acknowledge,
this is just a first stepandgreatlysimplifiesthe problem
of sentencecomprehension.The useof staticinput rep-
resentationsdoesnot allow thenetworkto processwords
over time andresultsin a hardlimit on thecomplexity of
sentencesthatcanbehandled.In particular, it would be
unableto representmulti-clausesentenceswithout con-
siderablechanges.Theeliminationof functionwordsand
theuseof a fixedsetof outputslotslimits thenumberof
thematicrolesthatcouldberecognizedby themodel.

McClelland and Kawamoto suggesteda number of
waysin which theseandotherproblemscould be reme-
died andthis wasfurther fleshedout, thoughnot imple-
mented,in McClellandandSt. John(1987)andMcClel-
land (1989). Perhapsthe bestknown modelof sentence
comprehensionis the later work of St. John and Mc-
Clelland (1988, 1990,1992) and McClelland, St. John,
and Taraban(1989). Thesepapersdescribeda model
that sharesmany of the goals of the McClelland and
Kawamoto(1986)work butextendstheframework topro-
ducea changinginterpretationaseachconstituentis re-
ceivedandto allow thelearningof distributedhiddenrep-
resentationsof phraseandsentencemeaning.The input
endof the model is a simple-recurrentnetwork (Elman,
1990) that learnsto take a sequenceof phrasecompo-
nentsandcompileasinglemessagerepresentation,known
asthe sentencegestalt,in the form of a trainablehidden
layer. The phrasecomponentsareeithera simplenoun
phrase,prepositionalphrase,or verb. The outputendof
themodelwastrainedto answerquestionsaboutthesen-
tencein the form of a probe. Whenprobedwith a con-
stituent,the networkis to respondwith the thematicrole
playedby thatconstituent.Whenprobedwith a role, the
networkproducestheconstituentthatfills thatrole. Dur-
ing training, the error that derives from theseprobesis
backpropagatedthroughthenetworkto affect the forma-
tion of thesentencegestalt.

The St. JohnandMcClellandmodelsuccessfullyex-
hibitedits desiredbehaviors, includingtheability to:
� makeuseof bothsyntacticandsemanticcluesto sen-

tencemeaning
� reviseits interpretationsonlineandproduceexpecta-

tionsin theabsenceof completeinformation
� infer missingconstituents,for example that eating

soupis probablydonewith a spoon

� infer propertiesof vagueconstituents,suchas“per-
son”,basedoncontext

� handlebothactive andpassive sentences

� usevariableverbsyntacticframes

� generalizeits abilitiesto novel sentences

A majorlimitation of themodelis that it is not ableto
processesmulti-clausesentences,which areof consider-
ableinterestin the studyof language.Otherlimitations
includethe representationalinadequacy of a small num-
berof fixedthematicrolesandthelackof extra-sentential
context. Nevertheless,theSt.JohnandMcClellandmodel
remainsa key inspirationfor the work discussedin this
paper.

One hindranceto the developmentof sentencecom-
prehensionmodelshasbeenthe difficulty of specifying
adequatemeaningrepresentationsof conceptsand sen-
tences.Onesolutionadoptedby Allen (1988),St. John
(1992a)andNoelleandCottrell (1995)is to avoid speci-
fying meaningsby focusingon languagelearningin the
serviceof a task. By groundinglanguagein this way,
the modelcan be trainedto respondto linguistic inputs
by performingan appropriateaction. Allen (1988) de-
scribeda modelwhich takesasinputa codedmicroworld
andsequentialquestionsaboutthat world. The simple-
recurrentnetworkwas trainedto answerquestionswith
either yes/noor single constituentresponses.In simi-
lar work, St. John(1992a)traineda simple-recurrentnet-
work to takeadescriptionof a sceneandasentenceiden-
tifying a particularblock in the scene,suchas “the big
blueblock that is on theright of the left page,” andout-
put the block to which the sentencerefers. The model
is ableto handlefairly complex inputsincludingrelative
clausesand prepositionalphrasesand can even handle
human-producedsentencesmoderatelywell, but is oth-
erwiseseverely limited in its scope.

Noelle andCottrell (1995)wereinterestedin the abil-
ity to perform a task immediatelyafter receiving some
instructionson how to perform it. This is describedas
“learningby beingtold”. The framework of their model
wasinspiredby the sentencegestaltnetworkof St. John
andMcClelland(1990). Theplan componentof thenet-
work receivesinstructionsover time andproducesa plan
thatguidestheperformanceof thedomaintaskportionof
thenetwork.In thisway, thesentencegestaltmodelmight
be viewed as one in which the input sentenceinstructs
the modelhow to actappropriatelyin thedomainof an-
sweringqueriesaboutthatsentence.AlthoughNoelleand
Cottrell did not phrasethe instructionsto their model in
naturallanguage,thatwould bea simpleextension.The
suggestionthat much of languageis learnedin the ser-
vice of varioustasksis a reasonableone. However, it
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seemsunlikely thatall of languageis learnedthroughdi-
rect,action-basedfeedbackin thisway.

MiikkulainenandDyer (1989a)trainedabackpropaga-
tion networkon the samesentencesusedin the McClel-
land andKawamoto(1986)study. The networklearned
to map from a static representationof the words in the
sentenceto a representationof thecaserole assignments.
Theprincipledifferencebetweenthisandtheearlierstudy
is thatMcClellandandKawamotohand-designedfeature-
baseddistributedrepresentationsfor wordswhile theMi-
ikkulainenandDyernetworklearnedthewordrepresenta-
tions,usingtheFGREP-method. In theFGREP-method,
word representationsare initially randomized. Error is
propagatedall the way back to the input units and the
word representationsareupdatedasif they wereweights
on links feedingthe input group. The revisedrepresen-
tations are then usedas training targets on subsequent
sentences.This methodseemsto be an effective onein
practicefor learningrepresentationswhenthey mustap-
pearat both theinput andoutputof a network.However,
it is not clearwhat preventsthe representationsfrom de-
generatinginto, for example,all zeros,nor how it could
be implementedwithout a symboliccontroller. The task
performedby the systemis simplerdue to the fact that
wordsmaintainthesamerepresentationsin theinput and
output.Thereis no distinctionbetweenphonologicaland
semanticrepresentationsandthemeaningof asentenceis
treatedquiteliterally astheconcatenationof its parts.The
methodwaslaterextendedto a simple-recurrentnetwork
which acceptsthe samesentencesencodedsequentially
(Miikkulainen& Dyer, 1990).

MiikkulainenandDyer(1989b,1990,1991)furtherex-
tendedtheir modelto thecomprehensionandproduction
of script-basedstoriesfrom a limited setof domains.The
storiesconsistedof aseriesof simplesentencesdescribing
activities suchaseatingin a restaurantor shopping.The
systeminvolves four modularnetworkswhich all share
thesameword representationsdueto theFGREPmecha-
nism.Onenetworkmapsa sequenceof wordsinto aslot-
filler representationof thecase-rolesof thesentence.The
next modulemapsa sequenceof sentencerepresentations
to aslot-filler storyrepresentation.Twoothermodulesare
trainedontheinversemappings.Thenetworksareableto
comprehendandreproducethestoriesandcanfill in miss-
ing detailsfrom partialstories.However, thetruegeneral-
izationabilitiesof thesystemarequestionablegiventhat
thestoriesaredrawn from averyrestrictedsetof possibil-
ities. While theuseof modulesimprovestheability of the
networkto solve this task,themethodrelieson encoding
sentencesandstorieswith visible, slot-basedrepresenta-
tions. This doesnot extendeasily to the morecomplex
andsubtleaspectsof naturallanguage.

Miikkulainen(1990b)appliedthemodulararchitecture
to comprehendingandproducingsentenceswith relative

clauses.Thenetworkis rathersimilar to thatusedto pro-
cessstories.Thesentenceswerecomposedof noun-verb
or noun-verb-nounclauses,separatedby commas. The
first modulemapsfrom a sequenceof wordsdrawn from
asingleclause,or partof aclauseif it containsanembed-
ding,to aslot-basedrepresentationof themeaning.A sec-
ondnetworkmapsfrom a sequenceof clauseframesto a
staticrepresentationof all theframesin thesentence.Two
othernetworksperformtheinversemappings.Thesystem
wastrainedona setof 388sentenceswith up to 3 clauses
utilizing just3 differentverbsand4 nounsandwasableto
reproducethesentencesquitewell. Theuseof aslot-filler
representationfor sentencemeaningplacesa hard con-
straintonthecomplexity of sentencesthatcouldberepre-
sentedby this system.Anotherlimitation is that it relies
onmarkersto distinguishclauseboundaries,thusprevent-
ing it fromhandlingreduced-relativeconstructions,which
lack relative pronouns.Nevertheless,asidefrom thecur-
rentwork, this appearsto betheonly connectionistcom-
prehensionmodelableto processcomplex sentences.

Two other connectionist comprehension models,
Miikkulainen (1990a)andSt. John(1992b),alsoaddress
the problem of comprehendingstories with multi-
ple sentences. Both use sequencesof propositions
encodedin thematic role frames, rather than actual
sentences,asinput. For example,(agent=person1,
predicate=drove, patient=vehicle,
destination=airport). The Miikkulainen
model uses self-organizing feature maps to form an
unsupervisedclassificationof storiesbasedon the type
of event beingdescribed.TheSt. Johnmodel,known as
the story gestalt, is quite similar in designto the earlier
sentencegestaltmodels(St. John& McClelland,1990).
However, it was trainedto answerqueriesaboutentire
storiesratherthanindividual sentences.Themain issues
addressedby themodelaretherepresentationof multiple
propositions,resolutionof pronouns,revisionof on-going
interpretationsandinferences,andgeneralization,under
the hypothesisthat gradedconstraintsatisfactionplays
a primary role in theseprocesses.The modelwasquite
successfulalthough its generalizationabilities leave
somethingto bedesired.

2.3 Word prediction

Someof themostsuccessfulconnectionistmodelsof sen-
tenceprocessingarethosethat performword prediction.
Word predictionis a surprisinglyusefulability. It canbe
the foundationfor a languagemodelwhich determines
thelikelihood thata particularutterancewill occurin the
language.This is a principal componentof mostspeech
recognitionsystemsasit helpsin resolvingambiguousin-
puts.Theability to predictaccuratelyis sufficient to gen-
eratethe language,and thus indicatesknowledgeof the
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grammarunderlyingthelanguage.As a result,prediction
networksaresometimeslabeledparsers. However that
termis reservedherefor amodelthatproducesanexplicit
representationof thesyntacticstructureof thesentence.

The best known connectionistpredictionmodelsare
thoseof Elman (1990,1991,1993), who pioneeredthe
useof simple-recurrentnetworks(SRNs),alsocalledEl-
man networks. Elman (1990)appliedan SRN to letter
predictionin a concatenatedsequenceof words,demon-
stratingthat thenetworkcouldpotentiallylearnto detect
wordboundariesby identifyinglocationsof highentropy,
wherethe predictionis difficult. Predictionmight thus
be a primary mechanismusedby infants to learn word
segmentation.Elmanextendedthemodelto wordpredic-
tion in a languageof simplesentences.Representations
of words that developedat the network’s hidden layer
could beclusteredto producea reasonableclassification
of words syntacticallyand semantically. This indicates
that much of basicknowledgerequiredfor parsingand
comprehensioncouldbeextractedby apredictionmecha-
nismfrom thechild’s input.

Elman (1991) further extendedthe model to process
sentencesthat potentially involve multiple embedded
clauses.The maingoal of this work wasto demonstrate
that networksarecapableof learningto representcom-
plex, hierarchicalstructure.This is clearlya critical ques-
tion if oneis concernedwith their ability to processnat-
ural language. As Elman put it, “The importantresult
of the.. .work is to suggestthat the sensitivity to context
whichis characteristicof many connectionistmodels,and
which is built-in to the architectureof [SRNs], doesnot
precludethe ability to capturegeneralizationswhich are
atahighlevel of abstraction”(p.220).However, asecond
major outcomeof the work wasthe finding that the net-
workswereonly ableto learncorporaof mostlycomplex
sentencesif they first begantrainingon simplesentences
beforegraduallyadvancing. This wasdevelopedfurther
in Elman(1993),whereit wasshown that the networks
couldalsolearnwell if their memoryspanswereinitially
hinderedandthengraduallyallowedto improve.

Theseresultsappearedto have importantimplications
for any languagemodelsbasedon recurrentnetworks.
However, RohdeandPlaut(1997,in press)re-examined
thesefindingsanddiscoveredthatmanipulatingthetrain-
ing environmentor memoryspanof the networksdoes
notalwaysfacilitatelearningandcan,in fact,beharmful.
Theseissuesarerevisitedin greaterdepthin Section3.1.

Theotherconnectionistpredictionmodelsareall based
moreor lessdirectlyon (Elman,1991).WeckerlyandEl-
man(1992) focusedspecificallyon the issueof the dif-
ficulty of right-branchingversuscenter-embeddedsen-
tences. They found that, in accordancewith behavioral
data,theSRNshoweda preferencefor sentencesinvolv-
ing a double center-embeddingversusa double right-

branchingstructure.Furthermore,thenetworkwasableto
makeuseof semanticconstraintsto facilitatewordpredic-
tion in center-embeddedsentences.However, theseissues
deserve further inquiry. The sentencesusedin training
andtestingthenetwork,aswell asthosein mostempiri-
cal studies,confounda numberof factorswith thecenter
versusright distinction. Theseinclude subjectrelatives
versusactive and passive object relatives, frequency ef-
fects,semanticconstraints,andtheinconsistentuseof re-
ducedrelatives.Finally, we might questiontherelevance
resultsfrom a predictionnetworkhave in a comprehen-
sion task. A predictorhasthe advantagethat it canfor-
get information onceit becomesirrelevant. This is the
principalexplanationfor why sucha modelprefersright-
branchingstructures.However, a comprehendermustre-
memberall importantinformationat leastuntil theendof
thesentence.This would tendto weakenany preference
for right-branchingsentences.Theseissuesarediscussed
furtherin Section7.3.

Chater and Conkey (1992) comparedElman’s SRN
training procedureto a morecomplicatedvariant,back-
propagationthroughtime (Rumelhartetal., 1986),which
extendsthe propagationof error derivativesback to the
beginning of the sentence.Not surprisingly, they found
that backpropagationthroughtime, which is slower and
considerablyless“biologically plausible”producesbetter
results.Boundedbackpropagationthroughtime is usedin
many of theexperimentsreportedin thispaper.

Christiansen(1994) tested the ability of SRNs to
learn simple languagesexhibiting three types of recur-
sion: countingrecursion5, center-embeddings,andcross-
dependencies,which exceedthe power of a context-free
grammar. However, theseexperimentsresultedin rather
poor results,with networksnot even performingaswell
as statisticalbigram modelsand sometimesworsethan
unigrams. It would be worth re-examining the meth-
ods usedto train thosenetworks. In a secondexper-
iment, Christiansenextendedthe languageusedby El-
man (1991) to include prepositionalphrases,left recur-
sive genitives,conjunctionof nounphrases,andsenten-
tial complements. One version of the grammarcould
producecenter-embeddedsentencesanda secondversion
cross-dependencies.In generalthe networksperformed
ratherwell on theselanguagesand exhibited behaviors
thatlargelyreflecthumancomprehensionperformanceon
similar sentences.Christiansenand Chater(in press-b)
extendedtheseresultsandprovided moredetailedcom-
parisonswith humanperformance.

Finally, Tabor, Juliano, and Tanenhaus(1997) per-
formeda numberof experimentscomparinghumanand
networkreadingtimeson sentencesinvolving structural

5Countingrecursioninvolvessentencescomposedof a sequenceof
symbolsof onetypefollowedby anequivalentnumberof symbolsof a
secondtypewithoutanyfurtheragreementconstraints.
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ambiguities. Although the network usedin thesestud-
ieswasjust a simple-recurrentpredictionnetwork,read-
ing timeswereelicitedusinga novel “dynamicalsystem”
analysis.Essentially, the hiddenrepresentationsthatap-
pearin the networkat variousstagesin processingsen-
tencesare plotted in a high dimensionalspace. These
pointsare treatedasmassesthat exhibit a certaingravi-
tationalforce. To determinethereadingtime of the net-
work onaparticularword,thenetwork’shiddenrepresen-
tationis plottedin thehighdimensionalspaceandthenal-
lowedto gravitateamongtheattractorsuntil astablestate
is reached.Thesettlingtime is takenasa proxy for read-
ing time. Although this contrived test-masssettlingwas
intendedto be a proxy for a true dynamicalsystemthat
actually settlesinto a stablestate,no experimentswere
performedto demonstratethatthis is a reasonablesimpli-
fication.

2.4 Production

Sentenceproductionhasreceived far lessattentionthan
parsingor comprehensionin the symbolistcommunity.
This may be largely due to the fact that simpleproduc-
tion, if just viewedasthe inverseof parsing,or deriving
a sequenceof wordsfrom a higher-order representation
of sentencestructure,canpotentiallybeaccomplishedin
a symbolic framework throughthe applicationof a few
deterministicrules. The interestingchallengeof parsing
is resolvingambiguity, but that is not an issuein sim-
ple production. On the otherhand,human-likeproduc-
tion basedon meaningis a very hard problem. Proper
phrasingdependson nuancesof meaningthat arediffi-
cult to capturein a symbolicsystem(Ward,1991).Thus,
modelershavebegunturningto connectionistapproaches.
However, most connectionistlanguageproductionmod-
els have so far beenrestrictedto the word level, deal-
ing with lexical accessand phonemeproductionrather
thansentence-level phenomena(Dell, 1986;O’Seaghdha,
Dell, Peterson,& Juliano,1992;Harley, 1993;Dell, Ju-
liano, & Govindjee, 1993). This sectionconsidersthe
mostnotablesentenceproductionnetworks.

KalitaandShastri(1987,1994)focusedontheproblem
of producingthe wordsin a sentencegiven the thematic
role fillers andindicationsof thedesiredvoiceandtense.
Their model,which is a rathercomplex localistnetwork,
is ableto producesimpleSVO sentencesin active or pas-
sive voice and in several tenses.In order to ensurethat
constituentsareproducedin the properorder, the model
usessequencerunitsto inhibit nodesoncethey have per-
formedtheir duty. A specialmechanismis includedto al-
low thenoun-phraseproductioncomponentto bereused.
Becauseof the complexity of hand-designinga localist
networkof this typeandof representingthematicrolesin
multi-clausesentences,it is unlikely thatthismodelcould

easilybe extendedto more complex sentences,particu-
larly thosewith recursively nestedstructures.Themodel
doesnot seemto exhibit any propertiesthat transcend
thoseof symbolicsystems.

Gasser(1988) (see also Gasser& Dyer, 1988) de-
scribeda significantly more ambitiouslocalist produc-
tion modelthatproducessentencesusingelaborateevent
schemas.The model,known asthe ConnectionistLexi-
cal Memory, is basedon interactive-activationprinciples.
Bindingsto syntacticrolesareencodedwith synchronized
firing, as in temporalsynchrony variablebinding (Hen-
derson,1994a). Sequencingis accomplishedusingstart
andendnodesfor eachphrasestructure,whicharesome-
what similar to the sequencerunits in Kalita and Shas-
tri’ s model. Gasser’s model is designedto accountfor
a wide rangeof phenomena,including priming effects,
speecherrors,robustnessgiven incompleteinput or lin-
guisticknowledge,flexibility in sequencing,andtransfer
of knowledgeto a secondlanguage.The model is also
ableto parsesentencesusingthesamesequencingmech-
anismasfor generationbut maynotbeableto handlelex-
ical ambiguitiesor gardenpaths.However, themodelwas
only appliedto simpleclausesandnounphrasesanddoes
not producerecursive structuresinvolving long-distance
dependencies.Again, it is not clearwhethersucha lo-
calistmodelcouldbescaledup to handlemorecomplex
language.

Thethird majorlocalistproductionmodelwasby Ward
(1991).Thismodelwasintendedto be“moreconnection-
ist” than the previous attempts,relying on a truly inter-
active settlingprocessandavoiding the needfor binder
units. Warddescribedpreviousmodelsasessentiallyse-
rial in their processing.His model,like Gasser’s,wasde-
signedto handleboth JapaneseandEnglish. Onemajor
limitation of themodel,which mayapplyto theothersas
well, is that the networkstructuresusedto representthe
intendedmeaningof theutterancearebuilt onasentence-
by-sentencebasis.Althoughthemodelis apparentlyable
to producea broaderrangeof sentencesthantheprevious
attempts,it is still unableto handleagreement,anaphor,
andrelative clauses.Wardacknowledgedthat a primary
drawbackof themodelis thedifficulty of extendingit in
all but the mosttrivial waysandhe recognizedthe need
for a learningmechanism.

The inability to learn or to handlecomplex structure
appearsto be inherent in localist production models,
which shouldnot be surprisingsincethesesystemstend
to be rathertransparentimplementationsof classicalfi-
nite statemachines. However, while not truly context-
free, languageis pseudo-context-free or even pseudo-
context-sensitive in that it allows a limited amountof re-
cursion.For a simple,localistfinite statemachineto cap-
turesuchrecursion,it would requirereplicatedstructure,
which would presumablybe a serioushindranceto gen-
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eralization.We thereforeturn to modelsthatmakeuseof
distributedrepresentationswith the hopeof overcoming
theseproblems.

Kukich (1987) was interestedin the ability of a net-
work to learnto producestockmarketreportsgiven the
day’s activity. He doubtedtheability of a singlenetwork
to learntheentiretaskandthustrainedonenetworkto as-
sociateunitsof meaning,sememes,to morphemesandan-
otherto re-ordermorphemes.Sememeswererepresented
asa seriesof slot fillers encodingsuchinformationasthe
typeof tradingactivity, andthedirection,anddurationof
any change.The outputof the first networkwasan un-
orderedsetof word stemsandsuffixes,which could be
producedaccurately75%of thetime. Themorphemeor-
deringnetworkdid not actuallyproducemorphemesse-
quentiallybut useda slot-basedencodingof order. The
resultsof thesesimulationsleft considerableroomfor im-
provementbut wereencouraginggiven theearlystateof
connectionism.

I have alreadymentionedthecomprehensionandpro-
duction models of Miikkulainen (1990b) and Miikku-
lainenandDyer (1991). Theseweretrainedto produce
eithersequencesof sentencesbasedon a slot-filler repre-
sentationof a storyor multi-clausesentencesbasedon a
slot-filler representationof its clauses.So far this work
hasbeenrestrictedto fairly simpledomains.The nature
of the representationsusedappearto limit the ability of
thesystemto bescaledup to morenaturallanguages.

Finally, Dell, Chang,andGriffin (in press)werespecif-
ically interestedin the phenomenonof structuralprim-
ing, which leadsspeakersto preferentiallyproducesen-
tencesof a particularform, suchas passive ratherthan
active voice,if they have recentlyheardor producedsen-
tencesof similar form. Dell et al. hypothesizedthat the
mechanismthat resultsin structuralpriming is the same
procedureusedto learnproduction.Their modeltakesa
representationof thesentence’s propositionalcontentand
producesthe words in the sentencesequentially. While
it was intendedto be an SRN, the recurrentportion of
themodelwasnotactuallyimplemented,but wasapprox-
imatedby a symbolic procedure. Propositionalcontent
wasencodedusinga slot basedrepresentationconsisting
of localist representationsof theagent,patient,recipient,
location,andaction. Therefore,themodelwasonly able
toproducesimplesentenceswith alimited rangeof prepo-
sitionalphrases.

Basedon whethertheagentor patientrecievedgreater
emphasis,themodelwastrainedto produceeitheractive
or passive sentences.It wasalsoable to convey recipi-
entsusinga prepositionalphraseor a dative. Themodel
learnedto producesentenceswith 94%of thewordscor-
rect. Basedon an averagesentencelengthof 4.8 words,
wemightestimatethatthistranslatesto about74%of sen-
tencesbeingproducedcorrectly. The modelwasableto

matchhumanstructuralprimingdataquitewell. Themain
limitations of this modelare that it wasonly appliedto
simplesentences,didn’t producesentencesasaccurately
asonemight hope,anddid not learndistributedcontext
representations.Themodelpresentedin thecurrentpaper
is rathersimilar to that usedby Dell et al. but amends
someof its limitations.

2.5 Other language processing models

Therehave beena few additionalconnectionistinvestiga-
tionsof languagethatdonotfit cleanlyin oneof theabove
categories.

HansonandKegl (1987) trainedan auto-encodernet-
work, known asPARSNIP, to compresssentencesdrawn
from theBrown corpus(Francis& Kucera,1979).Words
werereplacedby oneof 467syntacticcategories,eachen-
codedusing 9 bits. Only sentenceswith fewer than15
words were selected,eliminating relative clauses. The
input and output representationsfor the network com-
prised15 slots,holding the syntacticcategoriesof all of
thewordsin thesentenceat once.PARSNIPwastrained
usingbackpropagationto mapfrom theinput to theiden-
tical output througha smallerlayer of 45 units. When
trainedon 10,000sentences,the networkwasableto re-
produceabout85%of thewordcategoriescorrectly. The
networkperformedat aboutthesamelevel on novel sen-
tences,indicating robust generalization.PARSNIP was
reportedlyableto fill in missingsentenceconstituentsand
correctbadconstituents,anddid so in a way that often
went againstfirst-orderstatistics. It could handlesingle
embeddings,despitetheirnothaving beentrained,but not
doubleembeddingsorsomesentencesthatviolateEnglish
word orderconstraints.Although HansonandKegl ac-
knowledgethatauto-associationis notareasonablemodel
for languageacquisition,theimportanceof this work was
its demonstrationthatdistributednetworkscanlearnto be
sensitive to higher-orderstructuremerely throughexpo-
sureto surfaceforms andcangeneralizethat knowledge
in productiveways.

Allen (1987)performeda numberof small studiesof
languageusing backpropagationnetworks. In one ex-
periment,a networkwaspresentedsentencescontaining
pronounsreferringto nounsappearingearlierin the sen-
tenceandwastrainedto identify the locationof theorig-
inal noun. Althoughit is not clearhow well thenetwork
couldreally performthe task,it wasableto makeuseof
semanticpropertiesandgenderin resolvingsomerefer-
ences.A secondexperimentinvolvedtraininga network
to translatefrom Englishto Spanishsurfaceforms. The
sentencesdealt with a single topic, were limited to 11
wordsin length,andwerepresentedto the networkstat-
ically. A multi-layer feed-forwardnetworkwas able to
translatethesentenceson a novel transfersetwith anav-
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erageof just 1.3 incorrectwords. Although theseearly
experimentswererelatively simple,they areindicativeof
theability of networksto learncomplex language-related
tasks.

Finally, Chalmers(1990) demonstratedthat connec-
tionist networks,while able to constructcompositional
representationsthroughmechanismssuchasthe RAAM
(discussedin Section6.1), can also operatedirectly on
thoserepresentationsin aholisticfashionwithoutfirst de-
composingthem. Chalmersfirst traineda RAAM to en-
codesimpleactive andpassive sentencesandthentrained
a secondnetworkto transformthestructuralencodingsof
an active sentenceto that for the correspondingpassive
sentence.Thetransformationnetworkwasfoundto gen-
eralizequitewell to novel sentences.This simpleexper-
imentdemonstratedthatnetworkscanperformstructure-
sensitive operationsin a mannerthatis not simply anim-
plementationof symbolicprocesses.

In summary, other than predictionnetworks,no con-
nectionistsentenceprocessingmodelshave exhibited all
of themainpropertiesnecessaryto provideaplausibleac-
countof naturallanguageacquisition.Theseincludethe
ability to learna grammar, to processa sentencesequen-
tially, to representcomplex, multi-clausesentences,and
to benaturallyextendableto languagesoutsideof thedo-
mainoriginally addressedby thedesigner.

3 Word Prediction Revisited

The ability to predict utterancesin a languageis quite
powerful. Accuratewordpredictionis quitepowerful,en-
tailing knowledgesufficient to producea languageor to
decidethe grammaticalityof any sentence.Predictionis
therole of the languagemodel, which hasbeenfoundto
beessentialin many formsof automatednaturallanguage
processing,suchasspeechrecognition(Huang,Ariki, &
Jack,1990),andis believedto play a role in humancom-
prehension(Marslen-Wilson & Tyler, 1980). Thebenefit
of predictionis largely that it enablesthe systemto dis-
ambiguatenoisy input on thebasisof the likelihood that
a particularutterancewasintendedandbecauseit allows
the systemto prepareitself to betterhandleexpectedin-
puts.In learningcomplex, goal-directedbehavior, predic-
tion can provide the feedbacknecessaryto learn an in-
ternal forward modelof how actionsrelateto outcomes
(Jordan& Rumelhart,1992). Sucha modelcanbeused
to convert “distal” discrepanciesbetweenobservableout-
comesandgoalsinto the“proximal” errorsignalsneces-
saryfor learning,therebyobviatingtheneedfor externally
providederrorsignals.Two importantadditionalfeatures
of predictionarethatnoexternaltrainingsignalis needed
otherthantheinputitself andfeedbackis availableimme-
diately; thelearnerneednot performa re-analysisof pre-

viously observedpositive evidence(cf. Marcus,1993). I
raisethe issueof predictionherebecause,aswe will see
in Sections7 and 8, it may play a fundamentalrole in
learninglanguageproduction.

It is importantto clarify that the type of predictionsI
hypothesizethelanguagesystemmight beengagedin are
not necessarilyconsciouslyaccessible,nor mustpredic-
tions be over a small set of alternatives. Nor, for that
matter, is predictionrestrictedto a probability distribu-
tion over localist lexical units—it is likely that linguistic
predictionsoccuronmany levelsof representation,across
phonemicfeatures,acrosssemanticandsyntacticfeatures
of words,andacrosssemanticandsyntacticfeaturesof
entirephrases.

We mightview predictionasinvolving theoperationof
standardprocessingmechanismswhich embodythegen-
eralcomputationalprinciple,in interpretinglinguistic ut-
terances,of going as far beyond the literal input aspos-
siblein orderto facilitatesubsequentprocessing(seeMc-
Clellandetal.,1989).Oneversionof thisapproachwould
be to proposethat the systemmaintainsand updatesin
real time a probability distribution over wordsreflecting
thelikelihoodthateachwordis theonebeingheard.Such
adistributionis exactlywhatwouldemergefrom attempt-
ing to predictthecurrentwordasearlyaspossible.More
generally, accuratepredictionneednot andshouldnot be
basedon the precedingsurfaceforms alone,as in a k-
limited Markov source.In orderto makeaccuratepredic-
tions andto generalizeto novel combinationsof surface
forms,thesystemmustlearnto extract andrepresentthe
underlyinghigher-orderstructureof its environment.

3.1 On the importance of starting small

In orderto demonstratethe ability of neuralnetworksto
learnto encodehierarchicalconstituentstructure,Elman
(1991,1993)investigatedtheability of a neuralnetwork
to learn a languageprediction task. He traineda sim-
ple recurrentnetwork (Elman, 1990, sometimestermed
an “Elman” network) to predict the next word in sen-
tencesgeneratedby anartificial grammarexhibiting num-
beragreement,variableverbargumentstructure,andem-
beddedclauses.Elman found that the networkwasun-
ableto learnthe predictiontask—and,hence,theunder-
lying grammar—whenpresentedfromtheoutsetwith sen-
tencesgeneratedby the full grammar. Thenetworkwas,
however, ableto learnif it wastrainedfirst on justsimple
sentences(i.e.,thosewithoutembeddings)followedby an
increasingproportionof complex sentences.Theexplana-
tion of thesefindingswasthat focusingon simplestruc-
turesinitially allowedthenetworkto learnthe important
noun-verb relationshipsbeforeapplying that knowledge
to morecomplex constructions.

Additionally, Elman(1993) found that networkswere
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alsoableto learnwhenfacedwith thecompletelanguage
from the startbut with their memoryspaninitially lim-
itedandallowedto improvegradually. Theexplanationin
this casewasthat thememory-limitednetworkwasonly
ableto learnthesimplerelationsfirst but that this helped
it to subsequentlylearnmorecomplex structures.Thefact
that learningwassuccessfulonly underconditionsof re-
strictedinputor restrictedmemoryis whatElmanreferred
to as“the importanceof startingsmall.”

Elman’s finding that simplifying a network’s training
environmentor limiting its computationalresourceswas
necessaryfor effective languagelearning was interest-
ing largely becauseit accordswell with Newport’s “less
is more” proposal(Newport, 1990; Goldowsky & New-
port, 1993)—thattheability to learna languagedeclines
over time asa resultof an increasein cognitive abilities.
This hypothesisis basedon evidencethat early andlate
learnersseemto show qualitativedifferencesin thetypes
of errorsthey make. It hasbeensuggestedthat limited
abilities may force children to focuson smallerlinguis-
tic unitswhich form the fundamentalcomponentsof lan-
guage,ratherthanmemorizinglargerunitswhichareless
amenableto recombination.In termsof Elman’snetwork,
it is possiblethatstagedinputor limitedmemorysimilarly
causedthe networkto focusearly on simpleandimpor-
tant features,suchastherelationshipbetweennounsand
verbs.By “startingsmall,” it is believed,thenetworkhad
a betterfoundationfor learningthe moredifficult gram-
maticalrelationshipswhichspanpotentiallylongandun-
informativeembeddings.

However, in a reexaminationof thesefindings(Rohde
& Plaut,1997,in press),we exploredthehypothesisthat
theimportanceof startingsmallmightbelesscritical with
a somewhat morenaturallanguagethantheoneusedby
Elman. To this end, we introduceda training language
thatwassimilarto Elman’sbutaddedsemanticconstraints
limiting thenounsthatcouldactassubjectsandobjectsof
eachverb. Theextentto which thesesemanticconstraints
wereappliedbetweenconstituentsof aclauseandthoseof
its sub-clausecouldbeparametricallycontrolled.Some-
whatsurprisingly, we foundthat therewas,in fact,a sig-
nificantadvantageto startingwith thefull language.As il-
lustratedin Figure1, thisadvantageincreasedasbetween-
clausesemanticconstraintsbecamestronger.

Wethenattemptedamoredirectreplicationof Elman’s
work in orderto betterunderstandthediscrepancy in our
results.Usingour trainingmethodson Elman’s grammar
again resultedin a significantdisadvantagefor starting
small.However, whenweadoptedsimilarparameters,we
foundneitherthesimplenorcomplex trainingregimesled
to successfullearning,althoughthecomplex regimenwas
worse.Experimentingwith theroleof variousparameters
wediscoveredthattherangeof initial randomconnection
weightshasthegreatesteffect. In particular, if therange
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Figure1: Meandivergenceperword predictionover the
75% complex testing corporafor the simple and com-
plex training regimes. Lower valuesindicatebetterper-
formance.GrammarclassesA throughE vary in theper-
centageof sentencesthatareforcedto obey semanticcon-
straints,from 0% to 100%. Meansand standarderrors
werecomputedover thebest16of 20trials in eachcondi-
tion.

is closeto thevalueof 	 0.001chosenby Elman,progress
canbeseverelydelayedor evenimpossible.This is espe-
cially trueof networksin thecomplex regimen.However,
if therangeis closerto the 	 1.0 we adopted,learningis
initially quite rapid in both regimesbut ultimately more
successfulfor networksthatsaw astable,complex input.

Ourstudiesof memorylimitationsfoundthatthey seem
to have nosignificanteffect on learning.Initially, thenet-
work hasnot yet learnedto useits memoryandperiod-
ically interferingwith it hasno effect. As the network
developsrepresentationsthat facilitate relianceon mem-
ory, the limitationsarerelaxedandthuscontinueto have
little effect. Startingsmall in predictiontasksdoesnot
seemto beafundamentalnecessityfor recurrentnetworks
becausenetworkstend to naturally start by picking out
simplecorrelationsin the input. The dangerof starting
with simplified inputsis that, earlyon, the networkmay
commitall of its resourcesto solvingtheapparentlysim-
ple taskandwill subsequentlybeunableto restructureits
representationsoncethe demandsof the taskchange.It
appearsthatElman’s difficulty with thecomplex regimen
mayhavebeenlargelydueto anunfortunatechoiceof ini-
tial randomweights.

Although we believe startingsmall to be of dubious
import in prediction,it may have significantbenefitsin
learningcomprehension.This is especiallytrue because
the targetsfor comprehensionarenot immediatelypro-
vided as in prediction. A child presumablylearnscom-
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prehensionby inducingthe intendedmeaningof its par-
ent’s utterancefrom its world knowledgeandthecurrent
situation. It is unlikely that the child will be capableof
inducingor evenrepresentingcomplex messages.There-
fore, complex sentencesmay largely serve asnoiseuntil
thechild is capableof representingthethoughtsexpressed
by themandit maybeadvantageousto simplify ourutter-
ancesto children,asweappearto do(Newport,Gleitman,
& Gleitman,1977).Nevertheless,wefully agreewith El-
man in the more importantresult of theseexperiments:
thatrecurrentnetworksappearcapableof learningto rep-
resentthehierarchicalconstituentstructuresnecessaryfor
processingnaturallanguagewithout relying on extensive
innateinformation.

4 The Wanna Problem

Predictionnetworkshave beenan importanttool in pro-
viding new explanationsfor our linguistic abilities and
challengingclaims againstthe learnability of language.
This sectionsdescribesa recentexperimentalong these
lines. Oneaspectof Englishthat appearsratherdifficult
for a learnerto acquireis knowledgeof theoftenrarecir-
cumstancesin which certainlexical contractionsarepro-
hibited.This is especiallyinsidiousin thecaseof thecon-
tractionfrom “want to” to “wanna”, asillustratedin the
following sentences:

(1) a. Youwantto playwith Stan?
b. Whodoyou wantto playwith 
 ?
c. Whodoyouwannaplaywith 
 ?

(2) a. YouwantStanto playwith you?
b. Whodoyou want 
 to playwith you?
c. *Who doyou wannaplaywith you?

Undermostcircumstances,Englishpermitsthewanna
contraction,as in the object extraction question(1c) in
which,accordingto transformationalgrammar, “who” has
beenmovedfrom theobjectpositionat theendof thesen-
tenceto the front, leaving behinda “Wh-trace”, identi-
fied with a 
 . On the otherhand,sentence(2b) involves
subjectextraction in which the Wh-tracefalls between
“want” and “to”. Most Englishspeakersjudgecontrac-
tion in this caseto soundunnatural.Oneexplanationis
thattherulesof EnglishprohibitcontractionacrossaWh-
trace. While it is debatablewhetherthe existenceof a
Wh-traceis truly the reasonthat contractionis awkward
in subject-extractionquestions,a moreimportantissueis
whetherthis aspectof Englishcouldbelearnedfrom the
inputavailableto thechild or whetherit reflectsaninnate
rule,ashasbeenmaintainedby sometheorists(Chomsky,
1976;Thornton,1999;Crain,1991).

The problemherearisesfrom the fact that the tradi-
tionalview of languagediscountstheroleof thestatistical

propertiesof the input. Accordingly, the languageinput
is consideredto be a sequenceof valid sentencesdrawn
with no guaranteethatany particularsentence,grammat-
ical structure,or rule will be observed in any fixed pe-
riod of observation.Theonly guaranteeis thatevery legal
sentencewill eventuallybeheard.Therefore,thelearner,
following any finite exposure,is never justified in con-
cluding that a particularstructureis not part of the lan-
guagesimply becauseit hasnot beenobserved. As far as
the learnerknows, thatstructuremay beobservedat any
moment.Likewise, in suchanenvironmentit is not pos-
sibleto recover from overgeneralization.For example,if
the learneradoptedthe over-generalrule that “want to”
may alwaysbe contractedto “wanna”, it will never dis-
cover that it is wrong becausethe lack of sentenceslike
(2c) doesnot constituteevidencethatsuchsentenceswill
never appear. Thus,Gold (1967)hasprovedtheoretically
that most interestinglanguagelearningtasksare impos-
sible whenonly very weakconstraintsareplacedon the
input.

As Crain (1991) argues,assumingchildren are only
exposedto examplesof valid sentenceswithout negative
feedback:

It is difficult to seehow knowledgeaboutthe
ungrammaticalityof sentenceslike [2c] could
have beenacquiredthroughexposureto envi-
ronmentalinput at any age. It is accordingly
important to ask when children know that a
traceblocks contraction. The logic of the sit-
uation would suggestthey must know it in-
nately. . . If corrective feedbackis not available
to childrenwhoerr in thisway, . . .childrenwho
makethe falsegeneralizationwould not be in-
formedof their mistake,andwould not attain
the adult grammar. . . Here, then, is a partial
syntacticgeneralizationof grammarthatclearly
calls for assistancefrom innatelinguistic prin-
ciples.(p. 603)

Ratherthanresortingto innateknowledge,analterna-
tive perspective is offeredby acceptinga morerestrictive
modelof thelanguageenvironment.Wemightreplacethe
weakguaranteethateachlegalsentencewill eventuallybe
observedwith a stochasticguaranteethateachlegal sen-
tencewill beobserved duringany fixed periodof obser-
vation with somenon-zeroprobability. As a result, the
probability thata common,andthusimportant,sentence
or sentencestructuregoesunobservedaftera lengthening
periodof time grows ever smaller. If a learnerdoesnot
observe a structuresuchas(2c) afterconsiderableobser-
vation,thelearnercanassume,with smallchanceof being
incorrect,thatthestructureis not partof thelanguage.

I hypothesizedthat, given sucha stochasticenviron-
ment, the properuseof “wanna” could be learnedby a
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systemsensitive to the statisticalpropertiesof its input
whenexposedto a languageapproximatingthat experi-
encedby achild. In particular, I trainedasimple-recurrent
networkon a predictiontaskandthenelicitedgrammati-
cality judgementsfrom the network. The result is that
the networkbecamequite sensitive to the properuseof
“wanna” despiteany negative examples,despitethe lack
of any semanticinformation,anddespitethevery rareoc-
currenceof eitherobject-or subject-extractionquestions
in thelanguage.

4.1 The wanting language

It was my intention that the languageusedin theseex-
perimentsreflect, as accuratelyas possible,the distri-
bution of inputs children are likely to experiencewhile
they themselves are learningthe properuseof contrac-
tions.Becauseit wasnot feasibleto modeltheentirelan-
guage,the input was restrictedto thosesentencesdeal-
ing with “wanting”, which is a fairly commontopic of
conversationwith children. To obtain an approximate
model of this portion of English, I analyzedapproxi-
mately1,000child-directedsentencesfrom theCHILDES
database(MacWhinney, 1999) and classifiedthem into
54 sentenceframeswith associatedfrequenciesof occur-
rence,whicharedisplayedin Table4.1.

In the artificial language,15.7%of the utterancesare
statementsandtherestquestions.This turnedout slightly
lessthanthe17.2%in theCHILDES data,the frequency
of questionsbeingparticularlyhigh for sentencesinvolv-
ing wanting. 24.0%of theartificial sentencesusethere-
ducedform, wanna,which is quitecloseto the24.4%in
the CHILDES data. It is interestingto note that, in the
data,the contractedform wasusedin 40% of the cases
in which it is appropriate.However, we cannotrely too
muchon theseexact proportionsbecauseit is likely that
transcribersvaried in their sensitivity to whethera con-
traction was used. Somewhat surprisingly, object- and
subject-extraction questionswereactuallyquite rare in
thedata.Of the22,418sentencesinvolving wanting,only
37 were“who” questions.Of these,7 wereuncontracted
object-extractionsof the form (1b), 4 were contracted
object-extractionsof the form (1c), 9 wereuncontracted
subject-extractionsof the form (2b), and 2 were of the
supposedlyillegal form (2c). However, weshouldn’t con-
cludetoo muchfrom thesefindings,giventhesparsityof
thedataandthepossiblynon-uniformtranscriptions.

Although subject-extractionquestionswerequite rare
overall, thismaypartiallybeaneffectof thewayin which
the CHILDES datawascollected.Many of theobserva-
tions involved a parentinteractingwith their child in a
closedenvironment. In a situationwith no otherpartic-
ipants,it may be commonto ask“What do you want to
play with?” but not “Who do you wantto play with?” or

“Who do you want to play with you?”. In the artificial
language,0.12%(just over a tenthof onepercent)of the
sentenceswereof theform (1b),0.08%wereof theform
(1c),and0.2%wereof theform (2b). Therewerenosen-
tencesof theform (2c).

Sentenceswere completedfrom the framesusing a
fixedsetof nounandverbphrases.33nounphraseswere
able to serve as direct objectsand 15 as subjects,not
including the very common“you” and“I” that were in-
cludedin the frames. The nounswereselectedfrom the
mostfrequentwordsin theCHILDES data.Someexam-
ples of noun phrasesare: “it”, “Mommy”, “the baby”,
“your toys”, and “something”. 26 of the most com-
monverbswereselected,forming approximately80 verb
phrasestructures,including: “read READ OP”, “feed
FEED OP to FEED RE”, “feed FEED RE FEED OP”,
“sit with SIT OP”. Eachverbpermittedonly certainnoun
phrasesin eachof its thematicrole slots,aswereseman-
tically appropriate.All told, thelanguageused90 lexical
items.

Ratherthangiving thepredictionnetworklocalist rep-
resentationsof the lexical items,asin Elman(1991)and
RohdeandPlaut(in press),wordswerepresentedonesyl-
lableat a timeusinga phonologicalencoding.This is be-
causecontractedforms arenot merelyarbitraryreplace-
mentsfor theoriginalwords,but arephonologicallyquite
similar. I hypothesizedthat this similarity couldbequite
importantasit makesthegeneralizationto thecontracted
formeasierandthenon-generalizationrequiredto ruleout
sentencesof theform (2c) correspondinglyharder. Sylla-
bleswereencodedusingoneunit for eachphonemein the
onset,vowel, andcoda. 20 units were requiredfor the
onsets,15 for thevowels,and16 for thecodas.

At eachstep,thenetworkwastrainedtopredictboththe
next syllableandthewordthatwouldcontainthenext syl-
lable.It wasalsotrainedto predicttheendof thesentence
and indicatewhetherit had beena questionor a state-
ment. However, at the startof the sentencethe network
wastold which it wouldbe. This wasmeantto reflectthe
factthat,in English,thespeaker’stoneoftendistinguishes
statementsfrom questionseven from the very start. The
meansentencelengthwasapproximately6 syllables(5.4
words),or 7 includingtheinitial punctuation.

4.2 Methods and results

The network usedin theseexperimentsis illustrated in
Figure2. It is a simple-recurrentor Elmannetwork(El-
man,1990)whichuseslogisticactivationfunctionsonall
of theunitsbut a soft-maxconstraint(Luce,1986)on the
lexical-level outputunitswhich normalizestheir total ac-
tivationto 1.0. A cross-entropyerror measurewasused
onthesyllableoutputgroupanddivergenceonthelexical
outputgroup.Initial weightswererandomlygeneratedin
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Table1: Sentenceframesusedin the“wanting language”
with associatedfrequencies.

Frame Frequency
? youwantOP? 0.1230
? DO1youwantto VP ? 0.1230
? youwantto VP ? 0.1230
? DO1youwantOP? 0.0840
? youwannaVP ? 0.0760
? wannaVP ? 0.0500
? wantto VP ? 0.0500
? DO1youwannaVP ? 0.0420
? whatDO1youwant? 0.0380
? youwantOP2to VP ? 0.0380
. youwantto VP . 0.0280
? DO1youwantOP2to VP ? 0.0260
? wantOP? 0.0260
. youwantOP. 0.0220
. I wantto VP . 0.0200
. I wannaVP . 0.0180
. NP WANT to VP . 0.0180
? wantOP2to VP ? 0.0140
? whatDO1youwantOP2to VP WHAT ? 0.0140
? whatDO1youwannado? 0.0140
. I wantOP. 0.0120
. youwannaVP . 0.0120
? which O DO1youwantto VP WHAT ? 0.0100
. youwantOP2to VP . 0.0080
. I wantOP2to VP . 0.0070
? which O DO1youwant? 0.0070
. wewannaVP . 0.0070
? whatDO1youwannaVP WHAT ? 0.0070
? why DO1youwantOP? 0.0060
? why DO NP wantto VP ? 0.0060
? whatDO1youwantto VP ? 0.0050
? whereDO1youwantto VP ? 0.0050
. NP WANT you to VP . 0.0050
? NP WANT to VP ? 0.0050
? which O DO1youwantOP2to VP WHAT ? 0.0040
? how DO1youwantOP? 0.0040
? why DO1youwannaVP ? 0.0040
? who DO1youwannabe? 0.0040
? why DO1youwantOP2to VP ? 0.0040
? I wannaVP ? 0.0030
? I wantto VP ? 0.0030
? whereDO1youwantOP? 0.0030
? whatDO NP want? 0.0030
? whatDO1youwantto do? 0.0030
? DO NPwantOP? 0.0030
? DO NPwantto VP ? 0.0030
? who wantsto VP ? 0.0030
? whatDO1youwantto VP WHAT ? 0.0020
? which O DO1youwantto do? 0.0020
? which O DO1youwannaVP WHAT ? 0.0020
? how DO1youwantto VP ? 0.0020
? who DO1 you want to VP WHO ? 0.0012
? who DO1 you wanna VP WHO ? 0.0008
? who DO1 you want to VP ? 0.0020

90 53
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Figure2: The simple-recurrentpredictionnetworkused
in the“wanna”experiment.

therange	���
�� . Thenetworkwastrainedon1 million sen-
tencesusingtheLENS neuralnetworksimulator(Rohde,
1999a). Sentenceswerenot drawn from a fixed corpus
but weregeneratedon-the-flyfrom the grammarusinga
programcalledthe SimpleLanguageGenerator(Rohde,
1999b). Weight updateswereperformedevery ten sen-
tences.Boundedmomentumdescentwasusedwith amo-
mentumof 0.9 anda learningrateinitialized to 0.2, an-
nealedgraduallyto 0.04,andthenreducedto 0.0005for
thelast50,000sentences.6

Whentestedon 5,000sentencesproducedin the same
way asthe trainingcorpus,the averageerror perpredic-
tion (comparedagainstthe theoreticallycorrectpredic-
tion distribution)was0.0056for thelexical predictionand
0.0217for the syllable prediction, comparedwith 3.93
and42.6for a randomnetwork. To testwhetherthenet-
work had learnedthe properusageof wanna,four sets
wereconstructedeachcontaining500sentencesfrom one
of thefour extraction-questionsentencetypes:(1b), (1c),
(2b), and (2c). In generatingthese,questionsthat were
ambiguouslysubject-orobject-extractions,suchas“Who
doyou wantto help?” wereeliminated.A predictionnet-
work thathaslearnedtheappropriateuseof wannashould
performpoorly on the illegal sentencesof type(2c). In-
deed,thisis reflectedin theoverall lexicalpredictionerror
which,whencomparedagainsttheactualnext word,was
1.45for sentences(1b), 1.44for (1c), 1.34 for (2b), but
1.97for (2c).However, asignificantportionof thiserroris
dueto thedifficult predictionof “who” atthebeginningof
all of thesesentences.Whenthis is factoredout, theerror
scoresare(1b):0.922,(1c):0.917,(2b):0.870,(2c):1.503.
Thus,the illegal subject-extractionwannasentencespro-
ducesignificantlygreaterpredictionerroroverall.

However, averagepredictionerror is perhapsnot the
bestmeasureof whetherthe sentenceshave violatedthe
network’s languagemodel. Therefore,we formulateda
measureof grammaticalitybasedon the network’s lex-

6Boundedmomentumis amethodI developedthatboundsthelength
of the weight adjustmentstepto be no greaterthan the learningrate,
prior to the additionof the momentumterm. In mostcasesthis makes
learningmorestableandreducestheneedto adjustthe learningrateor
momentum.
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(1a) Who do you want to play with?
(1c) Who do you wanna play with?
(2b) Who do you want to play with you?
(2c) *Who do you wanna play with you?

Figure3: Grammaticalityratingsof thewannaproblemtestsentences.Valuesto theleft arelessgrammatical.

ical predictions. Borrowing from Rohdeand Plaut (in
press),to assessthe “goodness”of the sentencefor the
purposeof judgingits grammaticalityweselectedthetwo
wordsthat weremost“surprising” to the network(those
to which thenetworkassignedthe leastlikelihood, other
thanthe initial “who”) andtook the log of theproductof
the two likelihoods. Figure 3 shows a histogramof the
grammaticalityratingsof the500sentencesin eachof the
four extraction-questiontypes. Note that the distribution
for thesentencesof type(2c) is shiftedto theleft, indicat-
ing thatthesesentencesarelessgrammaticalaccordingto
themeasureused.Of particularinterestis thefactthatthe
distributionsfor (2b)and(2c),whichdifferonly in theuse
of “wanna”, arequitewell separated.If a valueof -3.72
wereselectedasthedecisionpoint betweengrammatical
and ungrammaticalsentences,the network would make
just 10.6%errorson (2c), 10.4%on (1c), 6.6% on (1b),
and0.2%on(2b).

4.3 Conclusion

The network in this experimentwas trainedto perform
word andsyllablepredictionon a languagethat models
theexperiencechildrenhave in Englishwith sentencesin-
volving wanting.Despiteany negativeexamples,thelack
of any semanticinformation,andtheveryrareoccurrence
of extractionquestionsin the language,the networkbe-
camequite sensitive to the prohibition againstusing the
contractedform of “want to” in subject-extractionques-
tions. I donot intendto suggestthatthelearnerof English

makesnouseof semanticcluesin solvingthewannaprob-
lem. In fact, I believe thattransferof knowledgefrom fa-
miliarity with statementssuchas(2a) to questionssuch
as(2b) mayplay a major role. Theconclusionis merely
that theredoesnot appearto beany principledreasonto
believe that thewannaproblemcouldnot besolvedby a
fairly generallearnerbasedon nothingmorethansensi-
tivity to theobservablepropertiesof theinput.

Theseresultsdo not shedlight on whetherthe invalid
usesof “wanna”, asfar asthe networkor humanlearner
is concerned,have anything to do with thepossibleexis-
tenceof a Wh-trace.However, othercontractedformsin
Englishhave proscribedusagesthat do not involve Wh-
traces.For example,although“shouldhave” canusually
becontractedto “shoulda”,onecouldsay“I shouldhave
somecoffee,” but not, “*I shouldasomecoffee”. Al-
thoughwe have limited ourselves to the “wanna” con-
tractionin theseexperiments,the modelcould easilybe
appliedto othercases.It may be that a systematicrela-
tionshipbetweenthesevariousformsandtheunderlying
semanticsmakesit eveneasierto learnwhencontractions
arepermittedandwhenthey areproscribed.

5 An Integrated Framework for
Sentence Processing

A primarygoalof many researchersinvolvedin thecon-
nectionistapproachto languageis to investigatewhether
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languagecouldbelearnedby a fairly generalmechanism
not reliant on detailed,innateknowledge. The principle
languagetasksthatmustbeaddressedarecomprehension
andproduction.However, asdiscussedin Section2, there
hasso far beenrelatively little work on thesefundamen-
tal problems.Most connectionistlearningmodelsto date
have focusedon single-wordtasks,prediction,parsing,
andlimited formsof comprehensionsuchasthematicrole
assignment.Comprehensionandproductionmodels,with
possiblyoneor two exceptions,havenotbeendesignedto
handlecomplex sentenceswith embeddedstructure.

Thedevelopmentof a productionmodelis particularly
importantbecausemuch of the behavioral datathat we
might hopeto explain with a connectionistsystemcomes
from production. While it is often difficult to assessthe
comprehensionabilities of children or secondlanguage
learners,their errors in productionare much easierto
document. However, languageproductionis undoubt-
edlyintimatelytiedto comprehensionandis dependenton
knowledgegainedfrom observingthespeechof others,so
we maybemisguidedin traininga productionsystemin
isolation. Therefore,theprimaryaim of this projectis to
developa connectionistmodelof languagethatintegrates
thetasksof comprehensionandproductionin asingle,co-
herentframework.

The first goal is largely a technicalone: to producea
modelthatcanbetrainedin reasonabletimeandlearnsto
performcomprehensionandproductionwith somedegree
of proficiency. Although it will be trainedon simplified
subsetsof English,themodelmustbecapableof handling
sentenceswith embeddedclausalstructurein orderfor the
modelto beextensibleto thefull language.To theextent
that it is feasible,the languageshouldincludeas many
potentiallydifficult aspectsof Englishas possible. Be-
causewe believe thatso muchof the linguistic behavior
of humanscanbeexplainedby sensitivity to the statisti-
cal propertiesof our languages,we shouldnot expect a
modelto exhibit thosesamebehaviors unlessit is trained
on a languagethat is sufficiently similar to English. The
ability of a networkto masterareasonableapproximation
to Englishmayhelpto dispeltheconviction thatlanguage
could not be learnedwithout relianceon detailedinnate
constraints,beyond the generalforms of constraintim-
plicit in pre-trainednetworks.

A secondarygoal of the project,assumingthe model
is able to achieve reasonableperformance,will be to
evaluateits ability to replicatethe progressionof errors
demonstratedby first- andsecond-languagelearnersand
theproblemsadultspeakershave with variousaspectsof
language.Twosuchareasof investigationwill betherela-
tive difficulty of center-embeddedversusright-branching
structuresandtheability of themodelto makeuseof se-
manticconstraintsin resolvingambiguousor garden-path
sentences.Modelsintroducedto a secondlanguageought

PREDICTION WORD INPUT

GESTALT

MESSAGE

Figure 4: A simplified view of the comprehen-
sion/prediction/production model.

to show increaseddifficulty attainingnative-like perfor-
mancewith later exposureandshouldhave moreor less
difficulty with variousstructuresasreportedin, for exam-
ple,JohnsonandNewport (1989).

Assumingthemodelcanbesufficiently validatedusing
behavioral data,aneventualgoal will be to mapthenet-
work onto the brain, explaining the possiblerole played
by eachof the brain areasknown to be involved in lan-
guage. Ideally, lesionsto the network shouldproduce
similar deficits to thoseproducedby damageto the cor-
respondingbrain region. Traditionalcharacterizationsof
theseregionstendto draw cleandistinctionsbetweenar-
easinvolvedin comprehensionandthosefor production.
Although damageto differentbrain regions hasvarying
effectson receptive andproductivetasks,known aphasias
haveprovendifficult to fully explainwith traditionalmod-
els. Virtually all aphasiasinvolve impairmentsof both
comprehensionand production,lendingcredenceto the
view that the mechanismsunderlyingtheseabilities are
very muchintegrated.It is possiblethatthis modelcould
yield a betterunderstandingof the neurobiologyof lan-
guage.

5.1 An outline of the model

The basicdesignof the model is illustratedin Figure4.
The simple-recurrentnetwork processesone word per
time-step. During comprehension,words are presented
at the word input layer. The network is trainedto map
the word sequenceto the messageat the messagelayer.
In doing so, the gestalt layer integrateseachword into
the sentencecontext representedby the previous activa-
tionsat themessageandgestaltlayers. Thus,the gestalt
representationwill presumablyintegratesyntacticandse-
manticinformation.
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Developing appropriaterepresentationsfor complex
messagesis actuallyquitea hardproblem.Althoughone
could hand-designa representation,this is very difficult
without placing strict boundson the level of syntactic
complexity of the language. It is also difficult to de-
sign distributedencodingswhich aremoreefficient than
localist representationsandbettersupportgeneralization.
Therefore,I have studiedwaysof trainingthenetworkto
develop its own representationsof sentencemeaningus-
ing eithera RAAM (Pollack,1990)or queryframework
(St.John& McClelland,1988,1992),whicharediscussed
in Section6.

Thismodelof comprehensionpresupposesthatthesys-
tem is ableto derive themessagesof observedsentences
from someadditionalsourceof information. This may
bea profoundlysimplifying assumptionbut perhapsone
that is not entirelyunreasonable.Therearea numberof
sourcesfrom which messagescouldbederived. If state-
mentspertain to a visually observable scene,such as,
“Look at the dog chasethe cat,” the child could derive
themeaningsof thosesentencesfrom context. Thechild
maynotbeableto predicttheentireutterancein advance,
but given the context and a vaguenotion of the words,
thechild could induceoneor two plausiblemessages.If
the child fails to understanda command,suchas,“Time
for bed,” or “Eat your peas,” the meaningmay be made
readily apparent.Given that a parents’goal is not usu-
ally to teachtheirchild languagebut to communicatewith
thechild (Newport et al., 1977),it will bequitecommon
for theparentto usegesture,repetition,andrephrasingto
help the child obtainthe correctmessage.Pinker(1990)
hasarguedthat it may be a reasonablefirst idealization
to assumethat messagesareavailableto the learner. At
issue,perhaps,is how accurateinducedmeaningscanbe
andwhenthey becomeavailablein thecourseof hearing
theutterance.

Thecurrentmodelmakestheassumptionthatmessages
areavailableto provide error feedbackthroughoutcom-
prehension.It is not a big stepto supposethatthesemes-
sagesarealsoableto helpguidecomprehension.Various
versionsof the modelmay assumethat either whole or
partialmessagesareavailableasinput. Theseinputsmay
benoisyor only availablerarely andit is likely thatma-
nipulatingthis parameterwill have a major influenceon
thebehavior of thenetworkasit develops.

While performing comprehension,the network will
alsobe trainedto predictthe next word in the sentence.
Althoughthis maycauseinterferenceby usingresources
at thegestaltlevel thatcouldotherwiseserve comprehen-
sion, it is possiblethat predictionmay actuallyaid com-
prehension.Predictionrequiresthe developmentof ab-
stractstructuralrepresentationsandthe networkmay be
able to map theserepresentationsmore or lessdirectly
ontomessages.If messageis not availableasinput, pre-

dictionwill bebasedjustontheobservedbeginningof the
sentenceandis likely to beinaccurateto theextentthatthe
sentencecouldbecompletedin multipleways.However,
if the messageis available in advance,either fully, par-
tially, or noisily, predictioncould theoreticallybe quite
accurate.

Themainmotivationfor the inclusionof predictionin
themodelis thata networkthathaslearnedto dopredic-
tion in thecontext of a known messageis well on its way
to production. In essence,the languageproduceris just
sayingwhatit expectsanotherspeakerof thelanguageto
sayto convey thesamemessage.Thiswouldexplain how
muchof theknowledgerequiredfor productioncanactu-
ally begainednotby trial anderror, duringwhichchildren
receivelittle feedback,but by observingthespeechof oth-
ers. However, it may be that production,beyond simply
themotoraspects,is alsorefinedthroughself-monitoring.

Theproposedmodelwill begiventhemessageit should
convey at thestartof production.Two waysof presenting
themessagearediscussedlater. Thenetworkwill thentry
to predictthefirst wordof thesentence.Thiswill produce
a probabilitydistributionat thepredictionlayer, although
hopefullyonethat is heavily weightedon a singleword.
A word will beselectedfrom thatdistributionandeffec-
tivelyproduced.Thatwordwill thenbefedto thenetwork
asinput andthenetworkwill beaskedto predictthenext
word. As thenetworklistensto itself, it will bederiving
a representationat the messagelevel just as in compre-
hension.Thedifferencebetweentheintendedandderived
messageswill producean error signal that canbe back-
propagatedthroughthe network and throughthe word-
selectionmechanismoperatingon thepredictionlayeron
theprevioustime-step.Thus,thenetworkcanlearnto re-
fine its productions,or evenlearnproductioncompletely,
by self-monitoring.An importantparameterof themodel
will be the extent to which it learnsproductionthrough
actualpracticeor implicitly duringcomprehension.

The currentmodel, by design,hasseveral potentially
importantlimitations. First of all, it doesnot go below
thelexical level in eithertheinput or theoutput. Thus,it
doesnot provideanaccountof morphologicaleffectsand
ignoresthephonologicalandmotorlevelsin bothcompre-
hensionandproduction.By this wedo not intendto sug-
gestthatthesearemodularlyseparablefrom thesentence-
level system,we have merely truncatedthe model at a
certain point for simplicity. In theory, the addition of
morerefinedinput andoutputrepresentationsshouldnot
beaproblemandaddingthemmaybenecessaryto model
someinterestingdata.Anothersimplificationis themech-
anismfor choosingwordsduring production. Although
this is currentlya symbolicprocedurethatselectsa word
basedonthepredictiondistribution,this is justasurrogate
for an interactive procedurein which the networkwould
settleon the appropriateword or syllable representation
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andthendrive thearticulatorsto producetheword.
More seriouslimitations are that the model doesnot

go beyond processingof sentencesin isolationanddoes
not incorporateassociative or propositionalknowledgeof
theworld exceptto theextent thatknowledgecanbede-
rived from the training sentences.A completesystem
should contain associative knowledge, such as “pianos
areheavy”, thatwould beavailablefor explicit reference
or accesswith non-linguistic mechanisms,but wouldstill
enablethemodelto correctlyinterpretsuchsentencesas,
“Yourunlike you’vegotapianoonyourback.” Thisbody
of associative knowledge might be termed the “world
model”. The current proposalalso eliminatesknowl-
edgeof thecurrentlinguisticandphysicalsituation,which
is crucial for properly interpretingmany aspectsof lan-
guage,mostnotablypronounreference.This “situational
model” ought to aid comprehensionand to be updated
with informationgainedfrom comprehension.

Nevertheless,the currently proposedmodel already
pushesthe limits of our computationalhardwareandin-
volvessufficientcomplexity thatit shouldsupporta num-
ber of interestingexperimentsaswell asextendour un-
derstandingof thelanguageprocessingabilitiesof neural
networks.

5.2 The language

Thefirst languageusedto developthemodelwasnotcare-
fully controlledfor thepurposeof performingany partic-
ularexperiments.Thegoalin designingthis languagewas
to producea grammarcomplex enoughthat theability to
learn the languagewould be indicative of the ability to
learncloserapproximationsto naturallanguage.There-
fore, several potentiallydifficult featureswere included,
suchasvariableverbtensesandargumentstructures,pas-
sive constructions,relative clausesandreducedrelatives,
noun-andverb-modifyingprepositionalphrases,articles
andadjectives,singular, plural,andmassnounswith num-
beragreement,dativeshift, andsemanticplausibilitycon-
straints.

The basegrammarfor this languageis displayedin
Table 2. Wherea productionis followed by a number
in parentheses,the numberis the probability that pro-
ductionis used. The probabilitiesfor unlabeledproduc-
tions are dependenton semanticconstraints. All sen-
tencesin this languageare statementsand begin with a
startsymbol, � , andendwith anend-of-sentencemarker.
The basicsentencestructure,S2,permitsan intransitive,
transitive, or passive main clause. The intransitive verb
phrase,VP INTRANS,caneitherbea standardverbwith
an optional prepositionalphraseor the verb-to-befol-
lowedby apredicateadjective. Thetransitiveverbphrase,
VP TRANS,permitseithera directobjectphrasewith an
optionalprepositionalphrase(whichcouldbeof theform

“to recipient”)or a dativerecipientfollowedby thedirect
object. Verbsfor which a recipientis not appropriatedo
notusethisoption.

In orderto avoid recursively embeddedrelativeclauses
in this simplifiedlanguage,theVP TRANS2verbphrase
is usedwithin relative clauses.It doesnot permit thedi-
rectobjectto bemodifiedby anadditionalrelativeclause
or prepositionalphrase.TheVERBusedin theactivecon-
structionscanhaveoneof six tenses,includingthesimple
andprogressive forms of past,present,and future. The
S INFIN and INFIN are simple presenttenseforms of
theverbwhichmayhave differentsingularandplural as-
pects,e.g.“runs” and“run”. VP PASSVis apassivecon-
structionwith anoptionalagent.It too canbein thepast,
present,or future.

A relative clausecaneitherbe subjectrelative, object
relative,passive, or a reducedpassive which lacksthein-
troductoryrelative pronoun. The SP and OP are really
full nounphraseswhich may includea relative clauseor
prepositionalphrase. NP is just the headof the noun
phrasewhich includesthe nounandoptionalarticle and
adjective. Theverbmaybemodifiedby anadverbor one
of five prepositionalphrasesdescribingmanner, instru-
ment,recipient,destination,or location. The only noun-
modifying prepositionalphraseat the momentdescribes
possession.However, this doespermit the language,in
theory, to producesuchattachmentambiguitiesas,“The
boysaw thegirl with binoculars.”

On top of this basearea numberof lexical constraints
which caneliminatecertainsentencesor modify the fre-
quency of others. Nounsconstraintheir articles,adjec-
tives, and possessions,and agentsconstraintheir verbs
and patients. Verbs constraina numberof other con-
stituentsandstructuresincluding their patients,adverbs,
recipients,and other elementsin prepositionalphrases.
All of theseconstraintsensurethat the languageonly
producessentencesthat syntactically and semantically
areplausibly English. They were incorporatedinto the
context-free baseof the languageusingthe SimpleLan-
guageGenerator(Rohde,1999b),which is then able to
produceor analyzesentencesfrom thelanguage.

The initial vocabulary used in theseexperimentsis
rathersmall, with 12 noun stems,12 verb stems,6 ad-
jectives,and6 adverbs.Includingthefunctionwordsand
morphologicalvariants,the languageuses111 different
words. However, it is likely that the networkswill have
lesstroublewith anexpandedvocabulary thanwith anex-
pandedgrammar.

The following aresomeexamplesof sentencesgener-
atedby thelanguage:

� anapplewill bestolenby thedog.
� meancopsgiveJohnthedogthatwaseatingsomefood
.
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Table2: Thecontext-freebasefor thegrammarusedin thefollowingexperiments.

S � � S2 .
S2 � SPVP INTRANS (0.3)| SPVP TRANS(0.5)| OPVP PASSV(0.2)

VP INTRANS � VERB V PREP(0.8)| IS ADJ (0.2)
VP TRANS � VERB OPV PREP(0.7)| VERB RECPOP(0.3)
VP TRANS2 � VERB NPV PREP(0.7)| VERB RECPNP(0.3)
VP PASSV � P VERB V PREP(0.5)| P VERB V PREPby NP(0.5)
VERB � PAST| WAS PRESPART | S INFIN | INFIN |

IS PRESPART | will INFIN | will bePRESPART
P VERB � WAS PASSIVE| IS beingPASSIVE| will bePASSIVE

RC � THAT VP INTRANS (0.25)| THAT VP TRANS2(0.3)|
THAT NPVERB (0.15)| THAT VP PASSV(0.2)| PASSIVEby NP(0.1)

SP| OP � NP(0.7)| NPRC(0.2)| NPN PREP(0.1)
INSTR| RECP|
DEST| LOC |
NP � ART N (0.6)| ART ADJ N (0.4)

V PREP � � (0.6)| ADVERB| with MANNER | with INSTR|
to RECP| to DEST| in LOC

N PREP � with NP
WAS � was| were
IS � is | are
THAT � that| which| who
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Figure5: A histogramof sentencelengthsin thetraining
language.

� boyswill givecatssomeapples.
� thecatwith a pictureis beingtakenby adog.
� acopwasgiving theboysa picture.
� catsarechasingthemeanboy in a house.
� theboydrove .
� Johnwho is beingchasedby thefastcarsis stealingan
applewhichwashadwith pleasure.

The averagesentencelength is 8.9 words, including
startandendsymbols. A histogramof sentencelengths
is shown in Figure5. Networksweretrainedon a fixed
set of 50,000 sentencesgeneratedfrom the language.

This included37,477uniquesentences.A testingsetof
5,000sentenceswasgeneratedin thesamemannerasthe
training set,comprising4,475differentsentences,3,452
(77%) of which did not appearin the training set. Be-
causeof difficulties someof the semanticencodingnet-
workshave hadwith thefull language,wealsogenerated
corporacomposedof sentencesrestrictedto at most10
wordsin length,eliminating28% of the sentences.The
trainingsetfor thesimpleversionhas31,210uniquesen-
tencesand the testingset 4,164, 2,699(65%) of which
did not appearin thetrainingset.Thissimplecorpuswas
usedfor the comprehensionandproductionexperiments
reportedhere.

A few of the potentiallyimportantfeaturesof English
that are not included in the currentgrammarare ques-
tions,imperatives,pronouns,compoundsentences,modal
verbs, idiomatic constructions,and various phraseand
clausetypesincluding gerundphrases(“Using foul lan-
guageis bad”), infiniti ve phrases(“I have a boneto pick
with you”), andsententialcomplements(“I know thatshe
is leaving”). However, oncea reasonablenetworkarchi-
tectureis in place,it will bea relatively simplematterto
expandthelanguageor adaptit to aparticularexperiment.
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6 Encoding Messages

Comprehension,as viewed in the currentmodel, is the
taskof mappinga seriesof wordsto a staticrepresenta-
tion of themessage.Of crucial importance,then,is how
messagesareto beencoded.Oneapproachmightbeto at-
temptto hand-codearepresentation.However, thiswould
bequitedifficult without usingvery largeandredundant
structures.Anotherapproachis to train a networkto de-
velop its own representationsof sentencestructure.The
ability of the network to take advantageof redundancy
shouldresult in morecompactencodings.I expect that
learnedrepresentationswill bemoresimilar to thosethat
underlielanguagein thebrainandwill thuscontributeto
thepredictivepowerof themodel.

The notionof the meaningof a sentence,or message,
usedhere is basedon what one might considerits se-
mantic parsetree. Although this is a recursively com-
posedstructure,it shouldnot be confusedwith the syn-
tacticparsetree. Thesemanticparsetreeis not basedon
thewordsof thesentencebut theconstituentconceptsand
their relationships. A messagehasa single representa-
tion regardlessof the languagein which it is expressed.
Figure6 illustratesa syntacticparsetreefor thesentence,
“The dogsthat werechasinga car chasedthe boy with
somefastcarsin a big house,” andFigure7 illustratesits
semantictree.

Thesemantictree,asdefinedhere,is a ternarytree. In
otherwords,eachnon-terminalhasexactly threechildren.
The left child of every non-terminaldefinesa relation-
ship that exists betweenthe middle child and the right
child. Consider, for example, the non-terminallabeled
K-M. The relationshipencodedin the left child is that
of a property. The middle child representsthe concept
of multiple cars. The definitenesspropertyof the carsis
not specifiedand,in this language,thatwill translateinto
“somecars”. The right child of the non-terminalis the
property“fast”. Therefore,this non-terminalrepresents
the conceptof “some fast cars”. The I-M non-terminal
representsthe conceptof a particularboy who owns the
fastcars.Thus,thisportionof thetreemightbetranslated
as,“the boywith somefastcars”.

For thepurposesof constructingthesemantictree,we
treatatransitiveverbasarelationshipbetweenthesubject
andtheobject. For example,non-terminalF-H indicates
that the dogswere chasinga car. The past and extend
featuresof theactionindicatethatit is in pastprogressive
tense.However, becausethethat featureof theactionhas
beenactivatedin this case,it indicatesthat the action is
a subordinateone,andis expressedin a relative clause.
Therefore,this portionof thetreecanbetranslatedasthe
nounphrase,“the dogsthatwerechasinga car.”

We definethe headof a sub-treein the semanticnet-
work to be the terminal nodedirectly underthe root of

the tree,following the chainof middle children. There-
fore, the headof the A-E sub-treeis terminalB, which
representsthe actionassociatedwith the verb “chased”.
This sub-tree,then, itself serves as an action or a verb
phrase.Theheadof theentiretreewill alwaysbethesub-
ject, which is terminalG, representing“the dogs” in this
case.

One importantconsiderationin the designof the se-
manticparsetree is how passive constructionsareto be
represented.Therearetwo possibleinterpretationsfor the
actionrelationship.We couldeitherthink of therebeing
an(action, agent, patient) tripleor an(action, subject, ob-
ject) triple. In thecaseof anactivesentence,suchas“The
boychasedthedog”, theseyield thesameresult:(chased,
boy, dog). However, thepassive sentence,“The dogwas
chasedby the boy”, could eitherbe representedas(was
chased,boy, dog) or (was chased,dog, boy). Thereis
goodreasonto preferthe former, which follows therule
(action, agent, patient). In this case,the semanticrepre-
sentationsof sentencessuchas“The boy chasedthedog”
and“The dog waschasedby the boy” differ only mini-
mally. However, using that encodingwould violate the
rulethattheheadof thesub-treealwaysfallsat thebottom
of the middle path. For example,the phrase“dogs who
werechasedby boys” would be encodedas (who were
chased,boys, dogs)and the headof this phrase,dogs,
wouldberelegatedto theright-handposition.

Therefore,thesubjector focusof a relationshipis cur-
rently placedin the middle position. In an active con-
struction,theagenttakesthemiddlepositionandin apas-
sive constructionthe agentfills the right-handposition.
This may needto be reconsideredwhen we attemptto
modelhumandataon the processingof passives. How-
ever, it is interestingto notethatRAAM networks,which
will bediscussedin Section6.1,appearto besignificantly
moresuccessfulat learningto compressthesemantictrees
whenthe subject,ratherthantheagent,is alwaysplaced
in themiddleposition.

A major limitation of the current semantictree rep-
resentationis that it has only beendesignedto encode
declarativesentences.However, questionsandcommands
will be of critical importancein modelingearly devel-
opmentas they constitutethe majority of utterancesad-
dressedto children,accordingto theCHILDES database
(MacWhinney, 1999). Thereareseveral ways in which
thesecould be handled. Wh-questionsmight be en-
codedusing a similar representationto the correspond-
ing statementbut with a special code in place of the
missingconstituent. For example,if, “Newt chasedthe
dog,” is encodedwith the relation (chased,Newt, dog),
then,“What did Newt chase?,” mightbeencoded(chased,
Newt, ?). The representationof the verb might alsobe
alteredslightly in this case.Imperative commandscould
berepresentedby explicitly placinga“you” in thesubject
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Figure 8: A very simple RAAM network for encoding
ternarytrees.

slot andmarkingthe verb representation.It shouldalso
be relatively easyto extend the semantictree to encode
conjunction,disjunction,subordination,andtemporalor-
deringof propositions.

The semantictreesof sentencesin the training cor-
pusaverage5 terminalsand2 non-terminals.Thelargest
treeshave 17 terminalsand8 non-terminals.In thesim-
ple versionof thelanguage,which limits sentencesto 10
words,treesaverage4.1 terminalsand1.6non-terminals,
thelargestwith 11terminalsand5 non-terminals.

6.1 Recursive auto-associative memories

The semanticparsetree representsa messageusing a
variable-sizestructurebut for thepurposesof comprehen-
sionwewould like a staticrepresentationthatusesa vec-
tor of fixeddimension.To accomplishthis,networkswill
betrainedtocompresstheinformationin thesemantictree
in sucha waythattheinformationcanbelaterdecoded.

Oneobviouscandidatearchitecturefor theencodernet-
work is a recursive auto-associative memoryor RAAM
(Pollack,1990).Thesenetworksarespecificallydesigned
for compressingand decompressingtree structures. A
simpleversionof a RAAM is illustratedin Figure8. The
networkhas7 basicallyequal-sizedgroups.Thethreein-
put groupsprojectto a singlehiddenlayerwhichprojects
to threeoutputgroups.Thenetworkis trainedasanauto-
encoder:it learnsto producethesamerepresentationson
the output groupsas arepresentedon the input groups.
However, becausethe activation must feed through the
singlehiddenlayer, thenetworkmustform a compressed
representationof theinputsat thehiddenlayer.

TheRAAM canbeusedto encodeentiretreesby recur-
sively compressingeachsub-treefrom thebottomup. In
encodingthetreefrom Figure7, thenetworkbeginswith
theC-E sub-tree.Therepresentationsof terminalsC, D,
andE areclampedon the input groupsandthe network
attemptsto reproducetheserepresentationson theoutput
groups. In doing so, the hiddenlayer encodesthe entire
sub-tree.Thenthe networkcanencodethe A-E sub-tree
by clampingthe first two input groupsto A and B and

150 150150

150 150 150

180180180

150

300

Figure9: TheRAAM networkactuallyusedin thecurrent
work.

clampingthe third input groupto the compressedrepre-
sentationof C-E. Onceeachsub-treeis processedin this
way, thehiddenlayerwill containa singlerepresentation
of theentiremessage.If thecompressionwassuccessful,
thenetworkshouldthenbeableto expandthis represen-
tation into encodingsof the threesub-treesandeachof
thoserecursively until theentiretreeis reconstructed.In
orderto know whento stopthe recursive decoding,a bit
is addedto the input andoutputunits indicatingwhether
the representationis of a terminalor a non-terminaland
only non-terminalsarerecursively expanded.

In practice, the performanceof RAAMs can be im-
provedby addinghiddenlayersto allow non-linearmap-
pingsbetweenthe input and bottle-neckand the bottle-
neckandoutputlayers.In orderto learnthetraininglan-
guage,thearchitectureshown in Figure9 wasused.Al-
thoughtherepresentationsof terminalnodesonly use70
bits, the input, bottle-neck,andoutput layerseachhave
150units,theextraspacebeingusedfor encodingsof non-
terminals.

Units in thenetworkusedlogisticoutputfunctionsand
cross-entropyerror wasappliedon the outputs.A target
radiusof 0.1wasusedonterminalrepresentationsto help
thenetworkfocuson thebits thatweretruly wrong. This
makesthe effective targets0.1 or 0.9 ratherthan0.0 or
1.0 but doesnot penalizethe networkfor exceedingthe
targets. Weightswere randomlyinitialized in the range
	��!
 � . Weightupdateswereperformedevery10sentences
usingboundedmomentumwith amomentumof 0.95.The
learningratewas0.1initially andwasscaleddown by 0.9
every 10,000updates. The networkwas trainedfor 40
passesthroughthetrainingcorpusor 2 million sentences.
Onthelast10,000sentencesthelearningratewasdropped
to 0.001.

The RAAM network was ultimately quite successful
at encodingand decodingthe sentencesin the testing

26



Rohde A ConnectionistModelof SentenceComprehensionandProduction

set. The structureof the decodedtreeswas nearlyper-
fect. Of the 10,067non-terminalsin the corpus,the de-
codedtreesincorrectlylabeledonly 3 of themterminals.
Of the25,134terminals,4 wereincorrectlylabelednon-
terminals,2 of which occurredon a singlevery difficult
sentence.A terminalrepresentationwasconsideredcor-
rect if theactivationsof eachof the151unitswason the
correctsideof 0.5. The RAAM reproducedthe correct
terminalrepresentationsfor 97.6%of theterminals,aner-
ror rateof 2.4%.In termsof individualoutputunits,thatis
anerrorrateof just0.025%.Giventhatnearly70%of the
testingsentenceswerenovel, this indicatesa remarkable
ability to generalize.

Whentestedon thesimplecorpus,whichonly includes
sentenceswith 10 words or fewer, the network made
no structuralerrorsin reproducingthe treesandgot just
0.28%of the terminalswrong. Therefore,asonemight
expect, nearlyall errorsaremadeon the long, complex
sentences.Although the errorshave not beenformally
analyzed,it appearsthat, when the network makesan
error in a terminal representation,it tendsto either flip
the value of a single bit or replacethe correctbit with
a semanticallysimilar one,suchasturning a boy into a
girl. Also,whentestedonthelargelanguage,thenetwork
appearsto have major breakdowns with the longestsen-
tences.Ratherthandegradinggraduallyassentencecom-
plexity increases,thenetworkappearsto eitherdecodethe
treeperfectlyor makea hostof errors.This maybesim-
ilar to the breakdown thathumansobserve in attempting
to parsesentencesthatgobeyondourcapabilities.

6.2 Query networks

Despitethe evident power of the RAAM, we suspected
that the semanticencodingsit producesmay not be ap-
propriateto serve astargetsfor comprehension.Because
the RAAM encodesa sentencerecursively, the relation-
ship betweena deepterminal and the final result may
be rathercomplex, the information having beenpassed
throughmultiple non-linearmappings.Thus,theRAAM
tendsto producegordianencodingswhich do not have
clearrelationshipsto thesurfaceelementsof thesemantic
tree.Additionally, theRAAM processis arguablya sym-
bolic one, requiringrepresentationsandstructuresto be
storedin memoryandmanipulatedratherlike variables.
Thus,a moreappropriateencodingfrom a connectionist
perspective might beonethatdoesnot explicitly attempt
to store the structureof the semantictree, but just the
importantrelationshipswithin the tree. As McClelland,
St.John,andTaraban(1989)suggest,“representationsof
sentencesarenot requiredto exhibit a specificallypropo-
sitionalformatsolongasthey canbeusedto performthe
taskswerequire” (p. 296).

To this end,we define,for eachsemantictree,a setof

semantictriples which capturetherelationshipsbetween
the main constituents.Eachnon-terminalsymbol is as-
sociatedwith a single triple. The triple is composedof
theheadconstituentsof eachof the threechildrenof the
non-terminal.For example,the triple associatedwith the
rootnode,A-M, of thetreein Figure7 wouldbe(B, G, J)
or (B:chased,G:dogs,J:boy).Whereaseachnon-terminal
definesa relationshipbetweenthreesub-trees,the triple
associatedwith that non-terminalis the relationshipbe-
tweentheheadsof thethreesub-trees.Becausetheexam-
ple treehassix non-terminals,it alsohassix triples:

(B:chased, G:dogs, J:boy)
(A:location, B:chased, D:house)
(C:property, D:house, E:big)
(F:thatwerechasing, G:dogs, H:car)
(I:possession, J:boy, L:car)
(K:property, L:car, M:fast)

Our goal,then,is to train a networkto rememberthese
triplesandtherepresentationusedto dosowill beconsid-
eredthemessage.Onemethodto accomplishthis would
be to train a network to storethe triples, oneat a time,
in sucha way that they could later be producedin the
sameorder in which they were stored. However, such
taskstendto beratherdifficult for networksto learn.Be-
causethenetworkmustremembernot just thetriplesbut
theproperorderof thetriples,thenetwork’sability to take
full advantageof redundantinformationto developanice,
compressedrepresentationof thefull sentencewill behin-
dered.

A bettersolution,referredto hereasa querynetwork,
is borrowed from St. JohnandMcClelland(1988). The
querynetworkis trainedto storethetriplesin sucha way
that it can, in effect, answerqueriesaboutthosetriples.
Thenetworkis queriedby probingit with a triple which
hasoneof its threeconstituentsremoved.Whentheprobe
is presentedto thenetworkon a specialsetof inputs,the
networkrespondsby producingthe completetriple with
themissinginformationfilled in. Thearchitectureof the
querynetworkusedin thiswork is shown in Figure10.

The network is basicallya simple-recurrentnetwork
andall unitsuselogistic transferfunctions.During train-
ing, triples arepresentedto the networkoneat a time at
the main input layers. A representationof the semantic
informationsofar buildsupat the“message”layer. After
eachtriple is presented,theactivationsof unitsat themes-
sagelayerarefrozenandthenetworkis probedaboutits
knowledgeof eachof theconstituentsin eachof thetriples
presentedsofar. Whenaconstituentis probed,theactiva-
tionsof the“queryinput” groupcorrespondingto thecon-
stituentaresetto 0.5andtheactivationson theothertwo
queryinputgroupsareclampedto theappropriatepatterns
for the othertwo constituentsof the triple. Thenetwork
is thentrainedto fill in themissingconstituent,producing
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Figure10: Thequerynetworkusedin thecurrentwork.

the completesetof patternson the queryoutputgroups.
Theremay be timeswhen therearemorethanonepos-
sible answerto a query. For example,given the triples
(property, dog, red) and(property, cat, red),how should
thenetworkrespondto thequery(property, ?, red)?Cur-
rently, we identify suchambiguousquerieswhile testing
thenetworkanddonotpenalizeits responseontheoutput
unitsthatdiffer in thevariousanswers.

To train thenetworkon a semantictreeinvolving four
triples, threeconstituentswould be probedafter the first
triple is presented,six after thenext triple, andthennine
andtwelve, for a total of 30 queries.Becausethenumber
of queriesgrowsquadraticallywith thenumberof triples,
complex sentencescan take quite long to train. Thus,
a straight-forwardimplementationof the querynetwork
is ratherslow, takingfour timeslongerthantheRAAM.
However, a basicimplementationinvolvesa considerable
amountof redundantcomputation.Whenqueryinga par-
ticular message,thecontributionof themessagegroupto
the input of the “query hidden” groupdoesnot change.
Therefore,that projectioncould be traversedonceand
the resultsstored. Likewise, the queryinput groupsfre-
quentlyrepeatthesamepatternsandtheir contributionto
the input of the queryhiddenlayer neednot be recom-
puted.Therecanbesignificanttime savings in theback-
wardpassaswell. If a particularqueryinput grouphas
thesamerepresentationonfive time steps,thederivatives
of theerrorwith respectto thequeryhiddengroupinputs
for thosetime stepscanbesummedandonly backpropa-
gatedonce. With all of theseoptimizationsin place,the
querynetworkcanbetrainedasquickly astheRAAM.

The encoderhalf of the network was trainedwith a
modifiedversionof backpropagation-through-timewhich
propagatederror backthroughthe recurrentconnections
in the messagegroup to the two previous input events.
This helpsthe networkform representationsat the mes-
sagelevel thatwill beextensiblewhennew triplesarepre-

sented.Like the RAAM, the querynetworkwastrained
on 40 passesthroughthe trainingcorpusfor a total of 2
million sentences.Weightupdateswereperformedevery
10 sentencesusing boundedmomentumdescentwith a
momentumof 0.95. Crossentropyerrorwasusedwith a
targetradiusof 0.1.Thelearningratebeganat0.1andwas
reducedby 10%every 100,000sentencesandthencut to
0.001for thelast100,000sentences.

The query network was ultimately not as successful
asthe RAAM but still achieved reasonablygoodperfor-
mance. The network was able to correctly respondto
91.9%of thequerieson thetestingsetfor anerrorrateof
8.1%. That is countingonly theconstituentswhich were
not provided in the query input. Overall, only 2.8% of
constituentshaderrors.Theerrorrateonthemissingcon-
stituentsin termsof unitswas0.23%.Whenthenetwork
doesmakea mistakeon a constituent,it tendsto get an
averageof about2 bits incorrect.However, mostof these
errorsdo occur on the more difficult sentences.When
testedon the setof simplersentenceswith 10 wordsor
fewer, the networkhadanerror rateon themissingcon-
stituentsof just 1.0%,ratherthan8.1%.

Thus,althoughthequerynetworkcouldstandsomeim-
provement,which may comeaboutwith largernetworks
andbetter training methods,it is reasonablycapableof
encodingthesentencesand,aswe’ll see,providesabetter
basisfor learningcomprehensionthan the RAAM. One
drawbackof thequerymethod,however, is that themes-
sagerepresentationcanbeambiguous.For example,the
sentences,“The red cat chasedthe cat,” and “The cat
chasedthe red cat,” would both be representedby the
triples(chased,cat,cat)and(property, cat,red). It is pos-
sibleto augmenttherepresentationsof constituentsbased
ontheirpositionin thesemantictreeto eliminateambigu-
ity, but thathasnot beendonein thecurrentsimulations
becauseambiguity is relatively rare andshouldbecome
even lessof a problemasthe vocabulary of the training
languageincreases.

A moreseriousproblemwith thequerymethodis that
it is not possibleto fully analyzethe network’s message
representation.Althoughthenetworkmaybeableto an-
swerthequeriescorrectly, it maymistakenlyfabricatein-
formationaboutthesentencethatis simplyneverqueried.
Thus,wemightaskwhattheappropriateresponseshould
beif thenetworkis queriedwith two constituentsthatare
not drawn from triplesin thesemantictree.For example,
giventhesentence,“The boychasedthedog,” how should
thenetworkrespondwhenaskedthecolorof thecat?The
RAAM doesnot suffer from this problembecause,when
the semantictree is decoded,we discover all of the in-
formationin thatrepresentation.Shortof ignoringit, one
solutionto this problemmight be to train thenetworkto
respondwith an“invalid query” signalwhena badquery
is presented.However, thiswouldgreatlyexpandtraining

28



Rohde A ConnectionistModelof SentenceComprehensionandProduction

time andwould still makeanalyzingthenetwork’srepre-
sentationsratherdifficult.

Another solution might be to changethe querying
mechanismto onethatactuallyforcesthenetworkto form
a representationof the semantictreebut onethat is less
opaquethan the RAAM encodings. For example, one
might query the network with an encodingof a path in
thetreeandhave thenetworkidentify thenodeat thebot-
tomof thatpathaseithera terminalor anon-terminaland
provide its representationin the caseof a terminal, but
this couldbe ratherdifficult for the networkto learn. A
bettersolutionmay bea combinationof the RAAM and
a querynetwork. This would takethe form of a RAAM
thatis forcedto answerqueriesaboutthetriplesstoredin
eachof its sub-trees.This would have all theadvantages
anddisadvantagesof theRAAM butwouldhopefullypro-
duceencodingsthatarebettersuitedfor comprehension.
Althoughit hasbeenimplemented,thequery-RAAMhas
yet to befully trainedor tested.

7 Comprehension and Prediction

The primary goal of the comprehensionnetwork is to
takeas input the sequenceof wordsin the sentenceand
produceasoutput the messageencodedusingeither the
RAAM or querynetwork. Simultaneously, the network
maybetrainedto predictthenext word. In orderto sim-
plify themodel,we maketheassumptionthat thecorrect
messageis availableto thelearnerin the form of a target
while thesentenceis beingobservedandthattheserepre-
sentationsarefully developedat the startof training. In
reality, however, ourability to representcomplex ideasis
developingat the sametime as—andis partially driven
by—languageprocessing.

It might be more reasonableto assumethat task-
relevant feedback,similar to the error signalsproduced
by probesin the querynetwork,directly influencessen-
tenceprocessing(as suggestedin Allen, 1987; Elman,
1990; Miikkulainen & Dyer, 1991; St. John& McClel-
land, 1990;St. John,1992a),asopposedto usinga vis-
ible semanticrepresentationof the sentence.However,
I found in preliminary teststhat only relying on direct
probingof themessagein a comprehensionnetworkwas
time consumingandnot particularlyeffective. It is also
harderto introducecontext information during compre-
hensionand,especially, production. Anotheradvantage
of usingvisible, albeit trained,semanticrepresentations
is thatthesamerepresentationscouldbeusedfor multiple
languages,creatinga bilingual networkcapableof trans-
lation. Therefore,in the experimentsreportedhere,the
pre-learnedsemanticencodingswereusedasthe targets
for comprehension.

Thebasicarchitectureof thecomprehension/prediction

PREDICTION WORD INPUT

GESTALT

MESSAGE

111 111

40 20

240

Figure11: Thebasiccomprehension/predictionnetwork.

networkusedin theseexperimentsis shown in Figure11.

7.1 Comprehension with RAAM encodings

This networkwasfirst trainedwith the RAAM message
encodingwithout usingthepredictionportionof thenet-
work. Theword hiddenlayercontained20 unitsandthe
gestaltlayer200 units. Initial weightsweredrawn from
therange	���
�� exceptfor thoseof links projectingto the
first small hiddenlayer, which were in the range 	#"!
�� .
The networkwastrainedfor 20 passesthrougha corpus
of 50,000sentences.Only sentenceswith fewer than11
words were usedin training and testingdue to the ex-
pecteddifficulty of the task. The testingsetconsistedof
5,000sentences,asreportedin Section5.2. Weight up-
dateswereperformedwith boundedmomentumdescent
with a momentumof 0.9 anda learningrate of 0.2 an-
nealedto 0.04over thecourseof trainingandreducedto
0.001for thelastpassthroughthecorpus.

The network was rather successfulin inducing mes-
sagesthat capturethe structureof the correctsemantic
treesof the testingsentences.During the decodingpro-
cess,38of the20,528terminals(0.19%)wereincorrectly
labeledasnon-terminals.58 of the 7,764non-terminals
(0.74%)wereincorrectlylabeledterminals.However, of
the 20,316 terminalsproducedduring decoding,3,905
(19.2%)hadmistakeson at leastoneunit. Although the
errorrateperunit wasonly 0.29%,this wasstill too high
to beconsideredadequatecomprehension.

It is likely thattheproblemwith theRAAM encodings
is two-fold. Thefirst is thattheencodingsarenotparticu-
larly binary, relyingheavily onthesensitivemiddlerange
of activationvalues.Becauseit is difficult for thecompre-
hensionnetworkto reproducethesevaluesexactly, there
is slight error in the initial representationwhich is mag-
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nified during decoding. This is a well-known problem
with RAAM representations.Thereareseveral possible
solutions,oneof which is to adda termto theerrormea-
surethatencouragestheRAAM hiddenunitsto usevalues
closeto 0 or 1. Overtimethiswill leadto binaryrepresen-
tationsandcanleadto betterperformancegivensufficient
hiddenunits.However, thiscansubstantiallydegradeper-
formanceif therearenot enoughhiddenunits,asappears
to have beenthecasewhenthis techniquewasappliedto
encodingthetraininglanguage.Nevertheless,thesecond
problemwith RAAMs may be more fundamental. Be-
causetheencodingsareproducedby a recursive process,
they tendto be complex. Thus,thereis unlikely to be a
simplemappingbetweenconstituentsof thesentenceand
principle componentsof the messagerepresentationex-
ceptfor thesimplestsentences.Thismaybealleviatedby
thecombinedRAAM andquerynetworkdiscussedabove,
but this remainsto beseen.

7.2 Comprehension and prediction with
query encodings

In the next experiment,a comprehensionnetwork was
trained using the messageencodingsproducedby the
querynetwork.Thearchitecturewasthesameasbefore,
althoughthemessagerepresentationcomprised160units
ratherthanthe 150 for the RAAM encoding.The train-
ing methodswerethe sameasbefore. The networkwas
testedon its ability to respondto eachprobebasedon the
messagerepresentationproducedduringcomprehension.
It wasmuchmoresuccessfulthantheRAAM comprehen-
der, filling in thecorrectrepresentationon all but 704of
the23,292probesonthetestingcorpus(3.0%error).This
is approachingthe lower limit of 1.0%error in the abil-
ity of thequerynetworkto encodeanddecodemessages.
Whentestingon5,000sentencesdrawn from thetraining
set,theerrorrateonly droppedfrom 3.0%to 2.6%.Thus,
thenetworkwasjust15%worseon themostlynovel test-
ing set, indicating a high degreeof generalization.On
average,eachincorrectresponsehad1.9bits wrong. The
majority of the errorsinvolved either failing to activate
oneof theunits in theoutput,or swappingtwo mutually
exclusive bits, suchasreportinganactionasextendedin
durationratherthaninstantaneous.

The networksdescribedthusfar weretrainedonly on
comprehensionwithout prediction. The remainingnet-
worksweretrained,aseachword waspresented,to pro-
duceboth the completemessageanda predictionof the
next word in the sentence.Although the messageout-
put layerusedlogistic unitswith cross-entropyerror, the
predictionoutputgroupuseda soft-maxconstraint(Luce,
1986)with thedivergenceerrormeasure.Again,thesame
trainingmethodswereusedasfor the RAAM andquery
comprehender. Althoughpredictiondidnotappearto help

the network,it did not significantlyimpair performance.
The error in respondingto probeson the testingset in-
creasedfrom 3.0%to 3.2%.

7.3 Center-embedded versus right-
branching sentences

It is interestingto examinethe extent to which the net-
work’s difficulty comprehendingcertainsentenceforms
matchesthat of humansubjects. The network’s perfor-
mancewas evaluatedon corporaof sentencesinvolv-
ing a single relative clausemodifying either the subject
(center-embedded)or object(right-branching).Therela-
tive clauseswereeitherall subject-relative (“that chased
dogs”), all object-relative (“that dogs chased”),or all
passive (“that was chased[by dogs]”). The error rates
on thesesix classesof sentencesis shown in Table7.3.
Like humans,the network has a significant preference
for subject-relative sentencesand a preferencefor pas-
sive embeddingsover object-relatives. Although deeper
factorsmayplay a role, theseresultscouldreflecta pure
frequency effect.

However, the network also shows a strong prefer-
encefor center-embeddings,in which the subjectof the
sentenceis modified,over right-branchingsentences,in
which thedirectobjectis modified. This canpartially be
attributedto a frequency effect. Becausethe nounmod-
ified by a centerembeddingis theagentof the sentence,
it tendsto bea moretypical agentandthushasa higher
probability of having a subject-relative. Becausethe di-
rectobjectis ofteninanimate,it is lesslikely to bemodi-
fied by a subject-relative. Therefore,muchof theadvan-
tagefor center-embeddingscouldbedueto a greaterpro-
portionof subject-relativesaswell asa greaterfrequency
overall.However, thenetworkalsoshowsapreferencefor
center-embeddedpassivesandobject-relativesover right-
branchingpassivesdespitelower frequency. This maybe
due to the fact that passivesandobject-relativesareac-
tually encodedmore like active sentencesin the current
semantictreewith thesubject,ratherthantheagentfilling
thecenterposition.This couldcausea biasagainstright-
branchingsentencesbecausethemodifiednounservesas
theobjectof oneclauseandthesubjectof theother, which
maybeconfusing.

Although we should not put much stock in these
results since the network was not trained on a well-
controlledlanguage,they do raisesomeinterestingques-
tions. Shouldwe believe the conventionalwisdomthat
center-embeddingsare really harder? The traditional
story is that centerembeddingsaredifficult becausein-
formation must be rememberedacrossthe embedding
(Weckerly& Elman,1992). While that is true of a pre-
diction network,which hasthe luxury of discardingun-
neededinformation,thatis not truein comprehension.In

30



Rohde A ConnectionistModelof SentenceComprehensionandProduction

Table3: Frequency (per100,000)andcomprehensionerrorsonsingle-embeddingsentences.

Embedding Center Right Overall
Type Freq. Errors Freq. Errors Freq. Errors

Subject-relative 1130 8.0% 750 13.3% 1850 10.6%
Passive 360 14.1% 440 20.6% 760 17.7%
Object-relative 120 20.3% 150 27.7% 250 22.7%
Overall 1600 10.0% 1350 15.9% 2930 13.1%

comprehension,all useful information must be remem-
bereduntil the endof the sentence.A right embedding
is potentiallymoredifficult becausethe systemmustre-
memberthe entiresentence,ratherthan just the subject,
acrossthe embedding.While this may not posea prob-
lem for symbolicmodels,maintainingworking memory
is difficult for humansandneuralnetworks.

As Christiansen(1994) argued, “The purportedhu-
man ability to deal with an unlimited length of [right-
branching]recursionhas,to my knowledge,never been
demonstratedin an experimentalcontext.” (p. 101) His-
torically, experimentsdealingwith thecenterversusright
distinctionseemto have confoundedit with the subject-
versusobject-relative distinction (Blaubergs & Braine,
1974; Weckerly& Elman,1992)andwhethera relative
pronounis used. This is partially a necessitysincemul-
tiply nestedcenterembeddingsmustbeobject-relative in
English.However, thetwo couldbeseparatedin thecase
of single embeddingsas in my preliminary experiment.
Tellingly, Blaubergs andBraine(1974) found no signif-
icant differencein the difficulty of singleobject-relative
centerembeddingsand single subject-relative right em-
beddings,perhapsindicatingthat theobjectdisadvantage
is balancedby a centeradvantage.

In any case,this appearsto bean areaworth studying
in greaterdepth. In particular, I plan to performananal-
ysisof the frequenciesof variousembeddedstructuresin
spokenEnglish.Thesedatawill thenbeusedto designa
morerealisticlanguageon which to train the model. At
that point, we could verify the model’s predictionswith
a morecarefully controlledstudyof humancomprehen-
sionabilities.Questionsof particularinterestwill behow
much of humanperformancecan be explained by fre-
quency effects, centerversusright embeddings,subject
versusobject relatives,markedversusreducedrelatives,
andsemanticplausibility. This shouldserve both to ex-
tendourunderstandingof humanlanguageabilitiesandas
animportantvalidationof themodel.As is oftenthecase
in modeling,whenwe setout to analyzea modelwe dis-
cover that our understandingof the humanperformance
againstwhich it will bejudgedis inadequate.

PREDICTION WORD INPUT
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111 111

40 20

240

160
MEANING

160

EXPECTED

Figure12: A comprehension/predictionnetworkusingan
external“expectedmessage”group.

7.4 Context

Giventhat we have madetheassumptionthat targetsfor
trainingcomprehensionareavailablethroughoutthepre-
sentationof thesentence,it is not a majorstepto assume
that thosetargetsareavailableasactivationsto influence
comprehensionand prediction. In essence,we hypoth-
esizethat the listenerhas a good idea of what will be
saidand the comprehensionandpredictionsystemscan
usethis informationto refinetheir behavior. It would not
necessarilybereasonableto assumethatthiscontext is al-
wayspresentandprecise,but wewould like to beableto
providethenetworkwith partiallyreliable,possiblynoisy
context.

Thereareseveral waysin which the semanticcontext
couldbepresentedto thenetwork.Onemethodis shown
in Figure12. In this case,semanticcontext, or the “ex-
pectedmessage”,residesin a separateinput group that
hasa standardprojectionto the gestaltlayer. In order
to equatethe numberof links with the other networks,
theprojectionfrom themessagedown to thegestaltlayer
wasremoved. Clearlywe would not alwayswantto give
thenetworkthecompletemessagein advanceor it would
learnto ignore the wordsandsimply copy the expected
messageto the derived message.However, if we only
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Figure 13: A comprehension/predictionnetwork intro-
ducingexpectedmessageby weak-clampingthemessage
layer.

provide the messageon sometrials the network should
learnto rely primarily on the actualwords. Oneadvan-
tageof this methodof introducingexpectedmessagesis
that the networkcanbe given partial messages.For ex-
ample,we might only load someof the semantictriples
into thequerynetworkandusethatpartialrepresentation
astheexpectedmessage,asif the learnerbasicallyknew
whatwasto besaid,but notentirely.

A network was trained in similar fashion to those
above,exceptthattheerror-freemessagewasprovidedon
20% of the trials andno context wasgiven on the other
trials. When testedwith the messagepresent,the net-
work not surprisinglyperformedvery well, with a com-
prehensionerror rate of just 1.5%, comparedto a rate
of 3.2% when trainedwith no context. However, with-
out the context provided, the networkhad an error rate
of 7.4%. This may partially be due to the loss of the
back-projectionfrom the messagelayer andit would be
informative to train a networkwith thatprojectionintact.
However, the poor performanceis more likely due to a
fundamentalproblemwith thismethodof presentingcon-
text. Thenetworkmustlearnto essentiallyoperatein two
modes:with context andwithout and this seemsto im-
pair its performancewhencontext is notavailable.Exper-
imentswith usingpartial context—a semanticrepresen-
tation without all of the triples loaded—resultedin very
poorperformance.

An alternative wayto introducecontext to thecompre-
hender/predictoris shown in Figure13. Ratherthanusing
a separateinput with a standardprojection,the meaning
layer is “weak-clamped”by the expectedmessage.Un-
like a hard-clamp,which setsthe outputsof a group, a
weak-clampmerelypulls the outputsof the units a cer-

tain percentageof the way towardsthe targets. Thus, if
theoriginaloutputof theunit were0.5andthetargetwere
1.0,a weak-clampwith a strengthof 0.4would causethe
resultingoutputto be0.7—it hasmoved40%of thedis-
tanceto thetarget.We alsohave theoptionof initializing
themessagelayerto all 0.5’s, to theactualexpectedmes-
sage,or to a weakversionof themessage.

Thenetworkwastrainedasbefore.Onhalf of thesen-
tencestherewasno weakclampingandthusno context
information. On the otherhalf of the trials, themessage
layer wasweak-clampedwith a strengthof 0.25. Thus,
aftereachword the messagewaspulled 25%of theway
towardsthecorrectrepresentation.On 40%of theweak-
clampedtrials, the messagelayer was initialized to the
full expectedmessage.On the other 60% of the weak-
clampedtrials, the messagelayer was initialized to the
messageweakenedby either 25%, 50%, or 75%, with
equallikelihood.

Resultsfor this networkweresignificantlybetterthan
for theothermethodof presentingcontext. With no con-
text provided,thenetworkhasanerrorrateof 3.5%.This
is justa bit worsethanthenetworkthatwasnever trained
with context. With theactivationof themessagelayerini-
tially setto theexpectedmessageweakenedby 50%and
with a clampstrengthof 25%subsequently, thenetwork
hasanerrorrateof 2.0%.Thenetworkactuallyperforms
abit worsewhentheinitial messageis stronger. Neverthe-
less,thisnetworkhaslearnedto comprehendquitewell in
the absenceof context and,aswe’ll seein the next sec-
tion, producevery accuratepredictionswhencontext is
available.

8 Production

Having traineda comprehensionandpredictionnetwork
in the context of expectedmessages,one could imme-
diately simulateproduction. Productionbegins by pre-
sentingthenetworkwith themessageit is to convey and
feedingthe sentence“start” symbol into the word input.
Thenetworkproducesadistributionover thepossiblefirst
words at the prediction layer and one word is selected
from thisdistributionandfedbackinto thenetwork.This
processcontinuesuntil the“end” symbolis produced.As
the networkgeneratesthe sentence,it continuesto mon-
itor itself and will possiblyalter the intendedmessage.
This may have the beneficialeffect of helping the net-
work recover from unintendedproductionsand,in a more
detailedsystem,would allow the network to revise its
thoughtsin midstream,as peopleseemto do when at-
temptingto convey a complex or vagueidea. However,
allowing the intendedmessageto drift duringproduction
couldresultin thenetworklosingtrackof its thoughtsen-
tirely, resultingin a sortof fluentaphasia.
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Table4: Sampleincorrectproductions. The uppersen-
tenceis the desiredone and the lower is the network’s
production.

(1) theboyswhoweresittingwill besitting .
theboyswhoaresittingweresitting .

(2) food thatwasmadeis old .
food thatis old foodis tasty.

(3) aboymakesapicturewhichwasmade.
aboymadeapicturewhich is beautiful.

(4) applesthatweregottenweresitting .
appleswhichweregottenweresitting .

(5) boysweregiving ameancatsomefood .
boysweregiving themeancatsfood .

(6) acopwhowasstealingis leaving .
acopwho is stealingis stealing.

(7) somecopsthatdrovearestealingthedog.
somecopsthatstolearestealingthedog.

(8) theboywaschasedby thebeautifulcat.
thecatwaschasedby thebeautifulcat.

(9) thebig caris chasingthebig cars.
thebig caris chasingthebig carsis chasingthebig cars.

(10) somefoodwhichwaseatenwith pleasuresat.
somefoodwhichwaseatensat.

(11) theboygavefood to acat.
theboygaveacatfood .

(12) abig boywith thecarwassitting .
abig big big big big big big big big big big big big.. .

The comprehension/predictionnetwork, describedin
the previous section, which was trained using weak-
clampedcontext wastestedon its productionabilities.At
thestartof production,thefull semanticrepresentationof
the sentencewas loadedinto the messagelayer. Subse-
quently, themessagelayerwasweak-clampedto this in-
tendedmessagewith a strengthof 0.25. Themostactive
word in thenetwork’spredictionlayerwaschosenasthe
next word in thesentence.Overall, thenetworkproduced
76%of thesentencescorrectly, whichis comparableto the
resultspublishedby Dell, Chang,andGriffin (in press),
althoughthatmodelonly producedsimplesentencesand
usedanexternalmechanismto maintaincontext.

It is interestingto examinetheerrorsmadeby thenet-
work. Someillustrative examplesare listed in Table 8.
Most of the incorrectproductionswerestill grammatical
sentences.In the first example,the verb tensesarecon-
fused. Sentence(2) illustratestwo problems,the move-
mentof the matrix clauseto a subclauseandfabrication
of details. As we might expect, fabricationstend to be
semanticallyplausible.In (3), a ratherawkwardsentence
appearsto have beenimproved. Sometimeserrorscould
beassubtleaschangingtherelativepronoun,asin (4), or
confusingthenounnumberor definiteness,asin (5).

Oneof the mostcommonmistakesmadeby the net-

work is duplicatingor perseverating an elementof the
sentence.In (6) the embeddedverb takesover the ma-
trix clauseandtheoppositeoccursin (7). A similareffect
occurswith nouns,asin (8), andwith adjectives. Perse-
verationis alsoquite commonon the phraselevel, as in
(9). As onemightexpect,phrasesarealsodroppedonoc-
casion.In (11),thenetworkperformsadativeshift, which
actuallyshouldn’t be surprisingsincethe two forms use
thesamesemanticencodingin thetrial language.Finally,
in oneinstance,(12), thenetworkeitherdiscovershyper-
boleor entersaninfinite loop.

Althoughthelack of a morphologicalsystemmaypre-
vent this modelfrom addressingsomeof the patternsof
productionerrorsin children’s speech,someof its prob-
lems, such as dropping phrases,and changingtenses,
probably reflect commonhumanerrors. On the other
hand,othercharacteristicsof thenetwork,suchasits ten-
dency to perseverate,maybeuncommon.It will beinter-
estingto seehow actualproductiontraining,asopposed
to just the predictiontraining that hasbeendoneso far,
affectstheseresults.

9 Discussion and Plan

While theconnectionistapproachto understandinghuman
languagehasbegun to offer novel answersto old ques-
tions andmay bea diametricalternative to the symbolic
tradition, connectionismremainsin its infancy. There
have beenvery few connectionistmodelsappliedto the
problemsof learningcomprehensionor productionand
thesehave, for the most part, beenconfinedto simple
sentenceswith very small vocabularies. This is largely
dueto limitationsin ouralgorithmsandhardwareandthe
very reasonabledesireto developminimal,easilyanalyz-
abledemonstrationsof thepropertiesof neuralnetworks.
It thereforeremainsopento reasonabledoubtthatneural
networks,or any generallearningmethod,will ever be
ableto modelhumanlanguageprocessingabilities.

The goal of this project is to develop a connectionist
modelof comprehensionandproductionthat is capable
of handlinglanguagesof reasonablecomplexity andwith
thepotentialof beingexpandedto thefull scaleof natural
language.This in itself wouldadvanceourunderstanding
of the learningabilities of connectionistsystems.How-
ever, a furthergoal is to comparetheperformanceof the
networkto humanbehavioral datain orderto validateit as
a reasonable,if very muchincomplete,modelof the hu-
mansentenceprocessingsystem.Ratherthandesigninga
new modelfor eachtaskor experiment,thereis a corrob-
orative advantageto be gainedby usinga singlesystem
capableof performingseveral tasksin an integratedway
to serve asa foundationfor multiple experiments.While
this is possiblyanoverly ambitiousgoal,thereis muchto
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be learnedin its pursuit. Ratherthanallowing us to fo-
cuson the tasksfor which neuralnetworksappearwell
suited,thisendeavor mayforceusto addresstheircurrent
failings.

Much of the work so far on the projecthasdealtwith
theproblemof encodingmessagesin afixedlengthvector.
While the RAAM is ableto learnthe taskquitewell, its
encodingsmaybe too complex to serve asusefultargets
for comprehension.Furthermore,theRAAM involvesre-
cursive manipulationof combinatorialrepresentations.A
commitmentto thisability mayleadusto thewrongintu-
itionsaboutlanguage.Thequerynetworkseemsto offer a
reasonablealternative thatleadsto bettercomprehension.
However, it makesanalysisof the network’s representa-
tionsmoredifficult andmayneedto berevisedto reduce
ambiguity. Onefurtherareaof investigationis the com-
bineduseof RAAMs andquerying.While thiswouldnot
alleviate any qualmsaboutusingRAAMs, it may make
themmoreeffective targetsfor comprehension.

While the initial resultsin comprehensionandpredic-
tion areencouraging,thereis still muchwork to bedone
to improvetheseresultsandto furtheraddresstheissueof
how context shouldbemadeavailableto thenetwork.But
the areamost in needof further investigationis produc-
tion. It is unclearwhatareasonableschedulefor interleav-
ing trainingon comprehensionandproductionshouldbe.
It is alsounclearthat the modelwill beableto replicate
the patternsof errorschildrenshow during development
or therelativedifficultiesadultshave with varioussyntac-
tic structures.Finally, in addressingparticulartasks,the
languageonwhich themodelis trainedwill beof critical
importance.While it would be desirableto usea single
languagefor all experimentsthat accuratelymodelsEn-
glish, this is simply not possiblegiven the currentcom-
putationallimitations. Therefore,it is likely thatseveral
small languagesmay be requiredto addressphenomena
suchaspatternsof earlydevelopmentandambiguityres-
olution.

Therearenumerousproblemswith thecurrentmodel–
somerelatively easilyaddressedandothersthat may be
fundamentallimitationsof theapproach.Onemajorprob-
lem is that we arestill limited to relatively simple lan-
guageswith smallvocabularies.As wecreatemorecom-
plex languages,the size of the network relative to this
complexity will decreaseeven further, which may have
both qualitative andquantitative effectson performance.
Anotherlimitation is that themodeldoesnot addressthe
problemof choosinga particularmessageduringproduc-
tion. This will limit its ability to addressdatafrom pro-
ductionpatternsin children,asmessagechoiceandsen-
tenceformulationundoubtedlygo hand-in-handwhena
child attemptsto communicate.Is a child who speaksin
simplesentencesunableto formulateideasinvolvingmul-
tiple propositionsor just unableto expressthem?This is

an importantquestionthathasnot, to my knowledge,re-
ceivedmuchattention.However, themodelsimplifiesor
eliminatesmany othercritical aspectsof language,includ-
ing phonologyandmorphology, the mechanismof word
choicein production,muchof the role of associative or
world knowledge,a broadersituationalcontext, andthe
mechanismsby whichweinducepossiblemessageswhile
learningcomprehension.

Nevertheless,this projectwill be an importantstepin
extendingourknowledgeof thelearningabilitiesof neural
networksaswell ascontributing to our understandingof
thehumanlanguagesystem.

9.1 Plan

Thefollowingis aroughoutlinefor completionof thethe-
sis:

1. Investigateproductiontrainingusingthecurrentlan-
guage.

2. Revisethelanguageto includepolysemousor vague
words,lexical ambiguity(wordsableto serve asei-
ther nounsor verbs),questionsand possiblycom-
mands,and carefully controlledpropertiesrelevant
to the center-embeddingversusright-branchingis-
sue.This will involveananalysisof corporaof spo-
kenEnglish.

3. Revisethesemantictreerepresentationsto makeac-
tiveandpassivesentencesmoresimilarandto subtly
distinguishdatives from recipientsin prepositional
phrases.

4. Possiblyrevise theword input andoutputrepresen-
tationsto encodemorphologicalstructure.Inputsto
the comprehensionnetworkcould even usephono-
logicalencodings.

5. Improve the currentmethodsfor training the mes-
sageencodersand comprehensionand production
networks,includinginvestigatingthequery-RAAM.

6. Test the network’s comprehensionand production
of sentencesinvolving embeddingsandpossiblyat-
temptto verify thosepredictionswith a studyusing
similarsentencesonnormaladults.

7. Investigatethe ability of the comprehensionsystem
todealwith syntacticallyinvalid,butunderstandable,
sentencesandwith ambiguousandgarden-pathsen-
tences.

8. Train the network to be bilingual, introducing the
secondlanguageat varying stagesof development,
and testing for the “critical period” effect as well
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as similarities in performanceof late-learningnet-
worksandadult second-languagelearners(Johnson
& Newport,1989).

9. Testtheeffectsof lesionsto variouspartsof thenet-
work anddetermineif theresulting“syndromes”re-
flect commonformsof aphasia.If so, this maylead
to a novel characterizationof the neurobiologyof
language.

However, I expectthatit wouldnotbeinconceivablefor
meto reducethislist of goalsandfocusonafew areasthat
turnout to beparticularlyinterestingor fruitful. I hopeto
completethethesiswithin a year7 to a yearanda half.
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