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Abstract

Linguistshave historicallyfavoredsymbolic,rule-basednodelsto explain the humanlanguagdaculty. Suchmodelstyp-
ically possesslearexplanatoryclarity andarewell ableto handlethe apparentlyrecursve structureof naturalsentences.
In fact, they tendto betoo powerful in this respecandadhocexternalconstraintandmanipulationsareoftennecessary
to limit their performanceo bettermatchhumans’imperfectabilities. Furthermoredueto theirrelianceon simplerules
andstructuredknowledge,symbolicmethodsdo not lend themselesto learning. A focuson symbolicmodelsandan
idealizednotionof languageprocessindnascontritutedto thewidespreadeliefthatlanguages primarily innatelyspec-
ified.

But over the pasttwenty yearstherehasbeenincreasinginterestin connectionisimodelsof languageprocessing.
Initially, thesewere relatively straight-forwardimplementationof symbolic methodsusing simple processingunits.
However, astherepresentationandlearningabilities of connectionishetworkswereexploitedto anincreasingextent,
connectionissystemsave takenon a markedlydifferentcharactethansymbolicmodels.This hasleadto a shift in our
understandingf the critical sourcesof informationin languageandhow they interactin processingandlearning. The
importanceof connectionisnis not merelythatit links our understandingf cognitionto the hardwareof the brain but
thatits studyleadsto fundamentathangesn our understandingf cognition.

It now seemgjuitereasonabléo hypothesizéhatmuchof languagecould be learnedby generalprocessingnecha-
nismsexposedo a naturalervironment.However, currentconnectionismodelshave only demonstratetimited abilities
in simpledomainsandthereremainsconsiderableoomfor skepticism.This paperdescribeshedevelopmenof aunified
connectionistnodelof sentenceomprehensioandproduction.lt extendspreviouswork in its useof moresophisticated
languagesword-level ratherthanphraseor word-classgnputs,minimal symboliccontrol structuresandimplicit predic-
tion asatrainingmethodfor production.The currentproposaloutlinesprogresgo dateon the modelanddiscussesiow
it will befurtherextendedandtested.

1 Introduction sky, is that statisticalinformation, or the relatively fre-
gueng of occurrencef variouscomponentshaslittle or

A traditionalapproacho the studyof languagehasbeen norelevancefor thelinguist.

to focuson idealizedmodelsof its structureandto work This perspectie has tendedto yield languagepro-
backwardto consideration®f how humansmight pro- cessingmodels that directly pattern after the compe-
cesslanguage. Models arising from sucha perspectie tence/performanadistinction.Becausét now seemsat-
have tendedio assumehatnormaladulthumangossess ural to characterizesyntax using rule-based,algebraic
a processingnechanisnthatis theoreticallyableto per grammarsa standardassumptiorhasbeenthatary sys-
form quite perfectlyonidealized arbitrarily complex lan- temableto procesdanguagemustbe capableof manipu-
guagebut is hinderedby incidentallimitationson perfor  lating informationin arule-basedr algebraiovay, much
mance,suchas memoryrestrictions. This separatiorof like a typical computerprogram. Such symbolicmod-
our purportedknowledgeof languageand our ability to els are often able to perform quite well on the task for
procesdanguagen practicehasbeentermedthe compe- which they were designed. Performancdactorstend to
tence/performancgistinction(Chomsly, 1957).An addi- enterinto symbolicmodelsby theintroductionof explicit
tional tenetintroducednto thestandardheoryby Chom- hindrancesAlthoughmostsymbolicistavould agreethat
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ultimatelythe systemmustbe implementedn the neural
hardwareof the brain,they would arguethatthis doesnot
significantly affect the symbolic algorithm embodiedin

themodel.

However, while it is certainlyanaccomplishmertb de-
signamodelableto solveaknown problem,afull account
of thelanguagesystemmustexplain how it is ableto learn
the languageto which it is exposed. It hasproved quite
difficult to learnthe complex rulesuponwhich symbolic
modelsare basedfrom the linguistic inputsto which we
believe humansare exposed. Indeed,if statisticalinfor-
mationis ignored thereappeato betheoreticalimits on
whatageneraimechanisntouldlearn(Gold, 1967).This
is compoundedby the factthatmary “rules” of language
permit exceptionsandthe languageo which we are ex-
posedoccasionallyiolatesthe ruleswe eventuallylearn.
The apparendifficulty or evenimpossibility of learning
languageunderthe standardperspectie, aswell asthe
existenceof universalpropertiesof languagehasleadto
a widespreadiiew that muchof languagegevenvery de-
tailed rules governing complex aspectof syntax,is not
learnedbut is innately predeterminedChomsly, 1975;
Pinker 1989; Crain, 1991). This hasbeenreferredto as
“Chomsly’s wager”(Hahn& Adriaens,1994)or the na-
tivist perspectie.

1.1 Theconnectionist revolution

Overthepasttwentyyearsanalternatveto thetraditional
theoryof languagehasbeendeveloping. This hasgrown
largely, althoughnot entirely, out of researchin connec-
tionism Connectionisnseekgo gainanunderstandingf
the brainthroughthe study of the computationaproper
ties of large networksof simple,interactingunits, which
aresimilar in mary waysto neurons(seeMedler (1998)
for a review of early connectionistwork). Someof the
first applicationsof connectionistnetworksto language
were simply localistimplementation®f symbolic mod-
elsusingsimple,connectedinits! Thesimplestforms of
thesenetworksdo not makeefficient, paralleluseof their
resourcesAlthoughthesemodelstendto avoid the useof
externalmemorystoresthey sharemary of the properties
of symbolicsystemsandremainaform of connectionism
embracedy symbolists.

However, it wasthendiscovered,or perhapsedisca-
ered,thatsomeleveragecouldbe gainedby allowing the
unitsto interact: exciting andinhibiting one-anotheover
time (McClelland& Rumelhart,1981). Suchinteractive-
activation modelswere able to integrate soft constraints

1A localist modelor representatiois onein which individual units
correspondlirectly to particularsymbolsor conceptsThealternatve is
a distributedrepresentationa many-to-mag mappingin which a con-
ceptis represente@sa patternof activation overmultiple units which
themselvesnay participaten representingtherconcepts.

deriving from multiple sourcesa procesghat appeargo
be importantin mary cognitive domainsandthatis not
easilycapturedn rule-basedystemsThenext majorstep
in the developmentof connectionisnwasthe realization
thatconceptsieednot be representedsinglocalistunits
but canbe distributedpatternsof activation over multiple
units (Hinton, McClelland,& Rumelhart1986). This al-
lows networksto represengradeddegreesof similarity
betweerconceptsto represenhen conceptsvithout the
additionof units,andto generalizenformationaboutre-
latedconceptdn productive ways. This furtherwidened
thegapbetweerthebehaiors characterizabla symbolic
andconnectionissystems.

Thefinal majordevelopmeniof connectionisnwasthe
inventionof learningrules,mostimportantlybadpropa-
gation, thatallow networksto learnrepresentationisiter-
mediatebetweeninputsandoutputs(Rumelhart Hinton,
& Williams, 1986).Suchsocalledhiddenrepresentations
are able to capturehigherorder structuregoverning the
regularitiesin theinput/outputmappinggo whichthenet-
work is exposed.This allows neuralnetworksto perform
significantly more complex tasksthan simple one-layer
networksandextendstherangeof propertiegshenetworks
areableto display For example,a networkmight pick up
on strongregularitiesin a domainand appearto follow
rule-like behaior, as do humansand symbolic models,
but without explicitly implementingthe rule arywherein
thenetwork(Plaut,Seidenbeg, McClelland,& Patterson,
1996). Thus, connectionisnetworkshave begun to re-
vealalternatve explanationdor naturalbehaiors thatare
quiteunlike thosederiving from the symbolictradition.

1.2 Theconnectionist view of language

Thetraditionalapproacho languageesearcthasfocused
largely on the task of parsing;thatis, constructinga la-
beledhierarchicarepresentatioof the structureof a sen-
tence, usually reflecting the grammaticalrules usedto
generatat. Symbolicmodelsexcel at manipulatingsuch
representationgut they struggleto incorporatemeaning
into sentenceprocessing.lt is not easyto captureslight
variationsin meaningwith variablesandvalues.Oneas-
pectof languagethat is problematicin particularis the
way in which subtle aspectof word meaningcan have
a significantinfluenceon the correctsyntacticinterpre-
tation. Furthermore symbolic modelstendto be brittle
whenfacing slightly ungrammaticakentencesr surviv-
ing mild damage Theseandotherproblemsencountered
by theclassicaliew of sentenc@rocessin@rediscussed
furtherin McClelland,St. John,andTaraban(1989).
Humanlanguageusersdo not have quitethe samelim-
itations as symbolic models. We shav remarkablesen-
sitivity to meaning beingfrequentlyunavare that seem-
ingly clearsentencebave multiple incorrectsyntacticin-
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terpretationghat might confusea rule-basegarser And
yet, we strugglewith other aspectof language partic-
ularly thosebestmodeledby recursve, symbolicgram-
mars. One example is our well-known difficulty un-
derstandingmultiple centerembeddingssuch as, “The
mousethe catthe dogbit chasedanaway” The standard
modelof sentencerocessinguggestshatwe possess
symbolicparsingmechanisnaugmentetby someform of
memorystore,perhapsgn the form of a stack. Our diffi-
culty with structuressuchasmultiple centerembeddings
is explainedby postulatingthatthe memorystoreis sim-
ply exhausted.Given thatthe humancortex containsat
least10 billion neuronsjt seemssuspecthattheresim-
ply isn’'t enoughcapacityto rememberthree nounsand
threeverbsto enablethesesentenceso be parsed,even
after training (Blaubegs & Braine,1974). It is interest-
ing to notethatsyntaxandmorphologythemostrule-like
aspectof languagearealsothosethat seemhardestor

With this alteredfocus,we areleadto questiorthe util-
ity of postulatinganidealized perfectlanguageiser Ac-
cordingto analternateview, oneis competenatlanguage
if onecancommunicatavith others.The problemof lan-
guagelearningis not a matter of developing a perfect
grammarbut of learningto communicateffectively (Sei-
denbeg & MacDonald,in press). Ratherthanfocusing
ontheactof parsingsentencesyhich mosthumansmnay
notevenengagen atary explicit level, thereoughtto be
renaved interestin the tasksin which we know humans
engagecomprehendingndproducingutterancedor the
purposeof communicatingdeas. Taskssuchasjudging
thegrammaticalityof a sentencer performinglexical de-
cisior? arenotnaturalto mostlanguageusersbut arebuilt
on top of the reallanguagesystemand,while potentially
revealing,aresecondaraspect®f languagaise.

Giventheoftenimpressie ability of neuralnetworksto
learn complex taskswith relatively genericinitial struc-

usto learn,bothaschildrenandasadultsecond-languageture, mary researcherbave begunto questionthe level

learners.

Onthe otherhand,the connectionisapproachappears
to offer aperspectie thatmaybettercharacterizéhe abil-
ities and limitations of humanlanguageusers. Modern
connectionisnetworksare highly sensitive to the statis-
tics of theervironmentandtheinteractionsetweercon-
stituentswithin it. Distributedrepresentationprovide a
naturalway to encodeandmanipulatevord andutterance
meaningsAlthough connectionishetworksareless-well
suitedto manipulatingsymbolic information, it may be
thattheselimitations mirror the samedifficultieshumans
experiencewith deepstructures. Furthermore suchre-
straintsare inherentto the processingnechanisnof the
network, ratherthan easily manipulatedand perhapsad
hoc external constraintimposedon a competeninodel.
The studyof connectionismodelsof languagehave even
lead someto questionthe importanceof truly recursve
mechanismgn processingnaturallanguagéChristiansen,
1992).

Finally, neuralnetworkshave theability to learnawide
variety of tasks,including mary that appeargermaneto
naturallanguage.In contrastto the standardsiew, which
emphasizegealized,rule-basednodelsand downplays
therole of statisticsandsemantidnfluencesthe connec-
tionist approachfocuseson the distributional properties
of theinputto whichthelearneris exposedandaskshow
languagecan be learnedbasedon thatinput. While the
languagesystemmay ultimately develop rule-like beha-
ior, this behaior is not pre-specifiedut is learnedon the
basisof theregularitiesin thelanguageThedevelopment
of rule-like mechanismgor solvingregularmappingsat-
urally arisesin a reasonabléearningmechanisnthat is
pressureavith limited resources.The rulesof language
shouldnotbeviewedaslaws but asinformation-reducing
corveniences.

of innateinformationthatis really necessarfor language
learning.Theold agumenthataparticulabehaior must
be innate becausewe cannotimagine how it could be
learnedis no longervalid. Mary researcherarereturn-
ing to the initial hypothesighat all aspectof language
arelearnedby the mostgenericmechanisnpossibleand
searchindor thosemechanismsapableof learningin the
ervironmentto which we are exposed. Thus, one out-
comeof the connectionistevolutionis, or oughtto be,a
renavedinterestin accuratelycharacterizinghe distribu-
tional propertiesof thelanguagdearningenvzironment.A
secondoutcomeis a renaved interestin accuratelychar
acterizinghumanlanguagebehaior to allow our models
to bereasonablyevaluated.In the past,our performance
on variouslanguageestshasfrequentlybeencharacter
ized as following very simple rules and the result has
beemmodelsdesignedo implementhoserules.However,
work with connectionistnodelshasleadto therealization
thata modeltrainedon onetaskmay show particularbe-
haviors on a relatedtaskor underdamagehatdo not di-
rectly reflectthe mechanismsuilt into the model. What
appeato berule-like behaiors, may not be exactly rule-
like andmaynotreflectmechanismghatimplementhose
rulesin ary obviousway.
Threecritical questionsat this junctureare:

1. What information is available in the language
learners ervironment?

2. Whatabilitiesdoesthelanguagdearneracquireand
what behaiors doesthe learnershawv in exercising
thoseabilities?

3. Cana systemlearnthoseabilitiesin an appropriate

?Lexical decisionis the processof decidingwhethera particular
stringof charactersr soundss, in fact,aword.
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ervironmentand what propertiesmust the system
have to demonstratehe samebehaiors as human
learners?

Despitedecadesf researchon language we are far
from answerdo ary of thesequestions.Having only re-
centlybegunto seethetrueimportanceof statisticalprop-
ertiesof thelanguageervironmentwe arenow facedwith
an unfortunatdack of sufiicient data,particularlyon the
typical exposureof childrenin everydaylife at various
stagef development. Althoughwe have acquiredvast
knowledgeaboutsuchtestsas priming andlexical deci-
sion,we have relatively little informationaboutthe major
languagebilitiesof comprehensioandproduction.

1.3 Theproposed research

Although work to date on connectionistnetworks has
beenvery revealingandhashada growing impacton the
study of languagethe skepticis quite justified in ques-
tioningtheability of networksto handlethefull complex-
ity of naturallanguage. Largely due to technicallimi-
tations, connectionisimodelsuntil now have mainly fo-
cusedon peripheralaspectf languagegsuchas opera-
tions on single words), have bypassedearning,or have
usedextremely simple surrogatedor naturallanguage.
Therehasbeenaninterestin applyingmodelsto the sim-
ple taskson which mary psycholinguistshave focused,
with relatively little work on comprehensioandproduc-
tion. The corviction underlyingthe currentproposalis
that,to theextentit is technicallyfeasible we shouldfirst
andforemostbe focusingon the primary languageabil-
ities. Models shouldbe trainedon the taskswe believe
humansareperformingin everydaylife with exposureto
the samesortsof inputs humansexperience. Studiesof
peripheratasks suchasgrammaticalitjudgementprim-
ing, or lexical decisionshouldbe basedon a modelthat
haslearnedthe more basicabilities. The behaiors ob-
senedin peripheratasksarelikely to have emegedfrom
the mechanismghat have developedto handlecommu-
nication. Unlesswe betterunderstandhe propertiesof
suchmechanismsopur searchfor explanationsof beha-
ior will be lessgrounded. Therefore,the primary goal
of this projectis to extend currentconnectionismodels
of sentencg@rocessindo thetasksof comprehensioand
production.

As a startingpoint, however, we begin with the some-
whatsimplertaskof predictingthe next word in the sen-
tence. Predictionhasbeenthe focusof quite a bit of re-
searchn theconnectioniscommunity(Elman,1991;Ro-
hde& Plaut,in press)or severalreasonsLearningpre-
diction doesnot requirean additionalteacheror training
signal: the correctnext word is alwaysobsenrablein the
input. Online predictioncanbe quite usefulin language

processinghelpingto disambiguateoisyinput or antic-
ipatethe speakersintentions.However, predictionis not
asimpletaskandaccuratgredictionrequiresarepresen-
tationalstructureof alanguageequalin powerto agram-
marfor generatinghelanguageNeverthelessprediction
is attractve to connectionistesearcherbecauseamong
otherreasonsnetworksappearrelatively well-suitedto
learningprediction.

A majorproposalkembodiedn the currentwork is that
predictionlearnedduring the obsenation of speechmay
bethe primarytrainingmechanisnof subsequergroduc-
tion. | suggesthatthe languageusermay be constantly
engagedn formulating predictionswhile comprehend-
ing or merelyobservinglanguage.Thesepredictionsare
guidedby someknowledgeof the message¢he speakeis
trying to corvey, derivedeitherfrom precedingutterances
or experiencewith the messageBkely in the currentsit-
uation. Predictionin itself may aid comprehensiomsit
sensitizeshelearnerto the structureof utterancesHow-
ever, more profoundly the ability to formulateaccurate
predictionsin a strong message contet is very nearly
equialentto theplanningabilitiesrequiredn production.
Essentially the predictorhaslearnedwhat a reasonable
persorwould sayto corvey a particularmessag@andhas
solveda significantproportionof the predictionproblem.

Thecurrentplanof researclwill focusonfour mainar
easof languageprocessing—encodingiessagegredic-
tion, comprehensionand production—andwill attempt
to tell a plausiblestory abouthow they may interactin
a connectionissystem. Ultimately, the modelshouldbe
judgedby its ability to accountfor humanbehaior both
developmentallyandin the adultstage. Although signif-
icant progresshasbeenmade,mary technicalquestions
remainto be answeredeforethe modelwill bereadyfor
evaluation.

1.4 Anoutlineof the current paper

Section?2 of this paperprovidesa brief overvien of con-
nectionistwork on sentenceprocessingo datein order
to situatethe currentendesor in a broadercontet. Sec-
tion 3 discussesn greaterdepthwork thatl and others
have doneon the predictiontask. This summarizese-
centevidencethat simplerecurrentnetworksmay not, as
previously thought,gain significantadvantagein starting
with simplelanguage®r reducednemorycapacity Sec-
tion 4 describesow a predictionmodel canaccountfor
the“wannaproblem”,whichis amuchdiscussedinguis-
tic phenomenomegardingthe rare situationsin English
in which the phrase*want to” may not be contractedo
“wanna”. Althoughit hasbeenarguedthatknowledgeof
thisdistinctionmustbeinnate,it is heredemonstratethat

3Thetermmessagés usedto referto themeaningf asentenceThis
differsfrom the sentencéself, which is languagespecific.
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it is possiblefor a systemsensitize to the statisticsof its
input to acquireknowledgeof the distinctionfrom expo-
sureto areasonablernvironment.

Section5 discusseshe generalframevork of the cur
rentprojectandits maingoals.It alsointroduceghesim-
plified English-likelanguageisedn theexperimentsThe
next threesectionsdescribethe main component®f the
model. Section6 discusseshe encodingof messagem
staticrepresentationgwo differentapproacheareinves-
tigated:theuseof recursve auto-associate memorieor
RAAMs (Pollack,1990)and query networks. Section7

cessingaskthat hasreceved the mostattentionfrom the
symboliccommunity Indeed,given that the traditional
approachto languagehasminimized all attentionto se-
mantics,parsingis oneof the few behaiors left that, os-
tensibly doesnot rely on semanticé. Thus, it should
not be surprisingthat mary of the connectionisiparsing
systemsfound in the literature are essentiallysymbolic
modelsimplementedransparentlyn connectionishard-
ware. Learninghasnot playeda major role in most of
thesemodelsfor two reasonsMost connectionisparsing
modelshave beenlocalist. Thisarchitecturdendsitself to

considerghe problemof jointly learningcomprehension hand-designedreightstructuredut noteasydesignof ef-

and predictionusing eitherthe RAAM or query method
of messagencoding.Oneconsiderations the effect pre-
diction may have on comprehensionSection8 discusses
the additionof productionto thecomprehensioandpre-
diction network,althoughtheinitial investigationf this
portion of the projectarenotyet complete.Thefinal sec-
tion reiterateghe limitations and goalsof the modeland
outlinestheplanfor theremaindeof this thesis.

2 A Brief Overview of Connectionist
Sentence Processing

Thisreview considershe mostsignificant,or atleastwell
known, connectionistimodelsof sentenceprocessingo
date. Therehave beena numberof similar efforts in the
past(Diederich,1989; Sharkg & Reilly, 1992; Hahn&
Adriaens,1994;Wermter Riloff, & Scheler1996;Chris-
tiansen& Chater in press-a;Steedmanjn press),but
the focus hereis on modelsthat addressthe semantic
and syntacticissuesinvolvedin handlingmulti-word ut-
terancesand will ignore mostof the importantapplica-
tionsof connectionishetworksto otherphenomenauch
asword reading,lexical decision,and pasttenseforma-
tion. The modelsillustrate a progressionfrom localist
implementation®f symbolic systemsto systemsof in-
teractinglocalist units, to distributedrepresentationand
multi-layer learningrules,to recurrentlearningsystems.
Althoughthe earlylocalistmodelsarediscussedmostof
thelaterlocalistor hybridsymbolic/connectionistystems
have beenexcludedasthey typically differ from symbolic
systemsonly in the implementationatetails. However,
a numberof hybrid systemsare reviewed in Wermter
Riloff, and Scheler(1996). Most sentenceprocessing
modelsare designedto addressone of four major lan-
guagetasks:parsing,comprehensionyord prediction,or
production.l considereachof thesecateyoriesin turn.

2.1 Parsing

Parsing, or producinga syntactic, structuraldescription
of a sentencdrom its surfaceform, is the sentencero-

fective learningervironments.But morecritically, learn-
ing to produceanexplicit parseof asentenceequiresfor
mostsystemstraining datalabeledwith correctparsing
information. However, few believe that this is actually
availableto the child so suchmodelsareof questionable
relevanceto humanlearning.

Thefirst significantproposafor a connectionismodel
of parsing,Small, Cottrell, and Shastri(1982),doesnot
actually fit the patternof a transparentlysymbolic ap-
proach. Following McClelland and Rumelhart(1981),
this model stresseshe importantof interactionbetween
syntacticinformation and semanticor generalmemory
skills. This interactive activation approactcontrastswith
morestandargarsingtheorieghatstresscompartmental-
ism and serial processingFrazier 1979; Fodor, 1983).
The Smalletal. model,implementedn laterwork (Cot-
trell, 1985b),is not actuallya full parserbut is designed
for word-senselisambiguationwhich is aguablyanim-
portantsub-taskof parsingor comprehensionThe model
useslocalist units to representexical items, individual
word sensesand caseroles. Theseunits excite or in-
hibit oneanotherthrougha setof hand-designedonnec-
tions. Becausef this,themodelis not easilyexpandable
to largervocahulariesor complex linguistic structures.

Cottrell (1985a)extendedthe earlierwork with the ad-
dition of a full-fledged syntacticparsingnetwork. The
networkcanbegeneratedutomaticallygivenagrammay
but still requiressomeweight-tweakingConceptsareas-
sociatedwith caserolesby meanf localistbinderunits.
Thus, thereis a unit for eachconcept/rolepair andthey
mutually inhibit oneanother Units in the syntacticpor-
tion of the networkrepresenthe non-terminasymbolsof
the context-free grammarand their interconnectionge-
flectthepossibleproductiongn thegrammar

Themodelis interestingn thatit is ableto processen-
tencegresentedh atemporalsequencandmakesuseof
interactingtop-davn and bottom-upinformation. How-
ever, it hasa numberof limitations. As is a common

4The extentto which thereexistsan independensyntacticparsing
modulehasbeena matterof considerablelebate put mostconnection-
ists areincreasinglyskepticalof the existenceof sucha module (Mc-
Clellandetal., 1989;Seidenbey & MacDonaldn press).
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problemwith othermodelsthat makeuseof case-roles,

parsesput did not entertainthe integrationof critical se-

the modeldoesnot appearcapableof handlingsentences manticinformationasin othermodels. The othermajor

with multiple verbs. It is alsoonly ableto procesdixed
lengthsentenceandrequiresconstituentecognizersvith
duplicatedand possiblynon-connectionistontrol struc-
tures.Finally, somemight complainthatthe modelis not
guaranteedo settleinto a single,coherentinterpretation
of ary sentence.

limitations of the modelarethatit canonly handlefixed
lengthsentenceandit relieson redundanstructure.Al-
thoughthe modelis not ableto learn entire grammars,
Fanty discussedow small errorsin the model could be
correctedhroughlearning. Rager(1992)described lo-
calistmodelbasedn Fanty’s but designedo handle"ex-

Several other connectionistparsingmodelsappeared tragrammatical”or slightly incorrect,sentences.

at the sametime. Exceptwherenoted,they werelocal-
ist, non-learningmodels. Becausehey alsousea fixed-
sizenetworkanda staticinput representatiorratherthan
temporally codedinputs, thesenetworksare only able
to processsentencesip to a finite lengthand often rely
on redundanstructure,asin the Cottrell (1985a)model.
Waltz and Pollack(1985)presentedninteractize actva-
tion modelwhich differsfrom otherwork in thatit does
not consistof a single network. Rathey the networkis
generatedasedon the grammarandthe sentence.This
networkis only ableto representhe possibleparsesof

the given sentence A settling phaseallows the network
to settleinto a particularinterpretation.The modelhasa
numberof dravbacks,mostsignificantof whichis thatit

is not grammaigeneralbut usesa programto producea
sentence-specificetwork. The networksalsodo not pro-

SelmanandHirst (1985,1994) presented modelthat
differs from other early connectionistparsersin that it
usesa variation on the Boltzmannmachine (Fahiman,
Hinton, & Sejnavski, 1983)with non-deterministiainits
andasimulatedannealingschemeo allow the networkto
settlegraduallyinto a stableconfiguration. The rules of
a contt-free grammarare implementedn the network
by meanf syntactichinderunitsthatinhibit oneanother
andexcite unitsfor symbolsthatparticipatetogetherin a
production. The useof simulatedannealingwhile very
slow, allows the networkto settleinto the correctparse
with high probability. However, asin otherlocalistmod-
els,this modelrequiressentencet beboundedn length
andusesredundanstructure.Dueto the proliferationof
binderunits,the sizeof thenetworkmaygrow intractable
with more complex grammars.Furthermorealthoughit

cesswordsover time but usea staticinput representation was suggesteds the next step,this model doesnot in-

andthusarenot ableto producepartial, online interpre-
tationsof sentences.Although the implementedmodel
waspurelylocalist, Waltz andPollackproposedhatcon-
ceptsshouldnot be representedby single nodesbut by
distributedpatternsof “microfeatures”,a suggestiorthat
would beadoptedn laterconnectionismodeling.

Fanty (1985, 1994) took a rather different approach.
Aiming to producea networkthat is deterministic,fast,
and guaranteedo work, Fanty devised a way to imple-
mentthe CYK dynamic-programming;ontet-free pars-
ing algorithm(Younger 1967)in alocalistnetwork. The
networkis ableto handlesentencesip to a fixed length.
It essentiallycontainsa unit for every non-terminapaired
with eachsub-sequencef theinput. The networkoper
atesin two passes:a bottom-upphaseand a top-dovn
phase. In the bottom-upphase,units for increasingly
longersub-sequencdsecomeactive if their non-terminal
could have producedthe wordsin that sub-sequenceln
the top-dowvn phasepnitsthatdont fit within a coherent
parsearesilenced.In the end,only unitsthat participate
in alegal parseremainactive. Thus,the modeldoesnot
requirean extendedperiod of relaxation. It is interesting
becausdt suggestdhat languagecould be parsedby a
non-recursie procedure.

However, most naturallanguagesentencefiave mul-
tiple possiblesyntacticparsesand Fanty’s basic model
is not ableto selectthe appropriateone. Fanty consid-
eredonewayto biasthemodeltowardselectingshallover

corporatesemantidnformationandit is not clearhow it
would dealwith syntacticambiguity

Charniakand Santoq1987)describedanotherocalist
parsingmodelthatdiffersfrom the othersin thatit usesa
slidinginputwindow. This allows the networkto theoret-
ically handlesentencesf unboundedengthbut hinders
the ability of the modelto procesdong-distancedepen-
dencies,such as those surroundingcenterembeddings.
Althoughthe modelwassuccessfullimplementedor a
verysimplegrammayit is notclearthatits parsingheuris-
tics would be sufiicient to handlemore complex gram-
mars. The model also usespartsof speechratherthan
lexical inputsandwasthusclearly unableto incorporate
semantic®r resohe syntacticambiguities.

Howells (1988) describedan interactve activation
parserknown asVITAL. Like Waltz andPollack(1985),
Howells’ networksweregeneratediuring parsing. How-
ever, it appearghat the model could have beenimple-
mentedas a single network. Given that the connection
weightsand unit thresholdsn the modelwere carefully
balancedit is unclearhow well it couldbe scaledto han-
dle more complex languages.One interestingaspectof
themodelis thatit makesuseof thefrequeng with which
productionsin the grammarare usedin sentenced has
experienced. Thus, parsingcan be biasedtoward more
commoninterpretationsand allows for a limited degree
of learning.However, the modeldoesnotincorporatese-
manticinformation.
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Themodelof Nakagava andMori (1988)alsoinvolves
constructinghe networkon-the-fly but ratherthanbuild-
ing a networkfor the entire sentenceprior to parsing,it
is generatedequentiallyessentiallimplementinga left-
cornerparser Sigma-piunits—thosewith multiplicative
ratherthan additive inputs—areusedto enforceorder
ing constraintson grammaticalstructures.Although the
model cantheoreticallyparseunboundedsentencesthe
copyingmechanisnusedto constructhe parsetreeis not
physiologicallyreasonableThe modelalsodoesnot in-
corporatdearningor semanticonstraints.

The commonalitiesevident in theseearly connection-
ist parsingmodeldeadsto somegeneralizationaboutthe
limitations of the localist approach.With localist units,
the representationatapacity of the network is propor
tional to its size, leadingto the inevitable problemthat
a fixed-sizenetwork can only handleinputs of bounded
length or compleity. Like the limitations of symbolic
modelsand unlike thoseof networksthat use composi-
tional distributedrepresentationshis resultsin hardlim-
its on the processingability of localist networks. Such
modelsdo not exhibit a gradualdegradationof perfor
mancewith moredifficult inputsandmodelingof perfor
mancedatagenerallyrequiresad hoc limitations. Learn-
ing is difficult in localistnetworkslargely becausef the
problemof designingsupervisedraining ervironments.
This is compoundedy the fact that large localist net-
works tend to require redundantstructureand effective
learningmechanismsughtto generalizevhatis learned
acrosgduplicatedsub-networkslt is difficult or impossi-
ble to accomplishthis in a reasonablenanner Finally,
hand-wired networks do not allow easy incorporation
of semanticinformation, which is necessaryor parsing

nectionistparsersand discussedomeof the hurdlesin-
volved.

Most grammatbasedparserssuffer from an inability
to parsesentenceghat fall outsideof the given gram-
mar This canbe a seriousproblemgiventhe prevalence
of pausesfalse-startsgorrectionsandword-substitutbns
in spokenlanguage. Wermterand Weber (1994, 1997)
andWeberandWermter(1996)wereinterestedn design-
ing amodelthatwasrobustin thefaceof suchproblems.
Their SCREENmodelis a comple, highly modular hy-
brid connectionist/symbati system. While someof the
modulesareimplementedn a symbolicmannermostare
networkgrainedto performa particularoperation Rather
thanproducingfull parsetrees,the SCREENmodelgen-
eratesa flat syntacticand semanticparse. That is, the
modellabelsthe constituentdy their syntacticclass(e.g.
noun or verb), their more abstractsyntacticlevel (e.g.
noungroup or verb group), and someof their semantic
propertiedncluding a few thematicroles(e.g. agent,ac-
tion, or animate). The modelwastrainedandtestedon
spontaneouspokernutterancesndappearso work quite
well. While the overall modularstructureof the network
is a symbolicdesign the useof trainable distributednet-
worksallowsfor acertainlevel of generalizatiomndfault
tolerance However, a serioudimitation of the model,for
mary applications,is that the flat parselacks much of
the information necessaryo constructa full parsetree.
For example, the model doesnot appearto be capable
of representingnultiple interpretation®f a prepositional
phraseattachmenambiguity

The Jainand Waibel (1990) modelis essentiallya lo-
calist, slot-basedhetwork but doesincorporatelearning
and distributed representationst the word level. The

structurallyambiguoussentencesas aptly demonstrated modelconsistof a seriesof layerswhich essentiallyrep-

in McClelland,St. John,and Taraban(1989). Aside from
the ability to incorporatemultiple sourcesof weak con-
straints, localist networksprovide few adwantagesover
symbolicmodels.

While the last decadéhasseenquite a few hybrid con-
nectionist/symbolisparsingmodels,l will only mention
two instances. The CDP model of Kwasry and Faisal
(1990)is a modificationof the PARSIFAL deterministic
parser(Marcus,1980). Several of the component®f this
rule-basegarsemwereremaoved andreplacedwith a con-
nectionistcomponent.This networkwastrainedto sug-
gestactionsto be takenby the symbolic component®f
the modelbasedon the contentsof the symbolstackand
constitueninputs. Themodelwasreportedlyableto pro-
cessungrammaticadndlexically ambiguousentencem
an appropriatevay. However, it is not clearwhat effect
thenetworkcomponenteally hadonthe model. Thepri-
maryrelianceon a symbolicparsingmechanisnis some-
thingmostconnectionistesearcheragould hopeto avoid,
andtheauthordid recognizehe needfor morefully con-

resentwords,phrasesclausesandinter-clausalrelation-
ships. Theselayersaretrainedindependentlywith spec-
ified tagetsand thereforeinvolve only limited learned,
distributed representations.The model is interestingin
its ability to processnputsovertime, producingexpecta-
tions of sentencestructure anddynamicallyrevising hy-
pothesesHowever, it only hasa fixed numberof phrase
and clauseblocksand usesweight sharingto generalize
learningacrossphraseblocks. This appeardo causea
difficult trade-of betweerpropergeneralizatiomndover
generalization.t is not clearhow well this modelcould
makeuseof semantidnformationin resolvingambigui-
ties.
Althoughseveralearlierconnectionismodelshatwere
notpurelyparseraredescribedn Section2.5,theXERIC
model of Berg (1992) was one of the first distributed
modelsthat learnsto parse. XERIC combinesa simple-
recurreninetwork(Elman,1990)with a RAAM (Pollack,
1990)andis ableto takewordsover time and producea
representatiothat can be decomposedhto a parsetree
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whosestructureis basedon X-bar theory This model
hasthe adwantageover localist methodsthat it can pro-
cessunboundedsentencesvith only gradualdegradation
in performance Althoughit wastrainedon afairly sim-
ple grammay the modelis ableto parsesentencesvith

ratherdeepstructure. While not includedin the origi-

nal work, it would be theoreticallypossibleto introduce
semanticinformationinto this model by using a micro-
featuralencodingfor wordsat theinput. Despiteits suc-
cessesXERIC might not be considereédnadequate&og-
nitive model as the hierarchicaltraining procedureJike

that for the RAAM, requiresconsiderablanemoryand
symboliccontrol. More crucialhowever, aswith the Jain
andWaibel (1990)model,is thatthe parsinginformation
usedto train the networkis notavailableto the child.

Henderson(1994a,1994b,1996) describeda localist,
non-learningconnectionisparsetbasedn tempoal syn-
chrony variable binding (TSVB) and inspired by sym-
bolic parsingtheories. The main ideabehind TSVB is
thatvariablebindings,suchasthebindingsof constituents
to thematicroles,canbe representetly synchronousir-
ing of constituentand role representations.The use of
temporalsynchrom, ratherthan somethinglike binding
units,reducegheneedfor duplicatestructureandpermits
greatergeneralizationHendersorarguedthatthe overall
architectures biologically well-motivated. The model,
whichis basedn structue unificationgrammar(Hender
son,1990),doesnot itself constructan entire parsetree.
Rather it producedree fragmentswith sufficient infor-
mationthatthey couldbe combinedinto a completetree.
Becausedt is a deterministicparser never backtracking
onits commitmentsandbecausdt is unableto represent
disjunctionsof interpretationsit is likely thatthis model
would have greatdifficulty with ambiguousentenceand
suffer from anoverly stronggarden-patteffect. Themain
drawvback of the modelis thatit is primarily a connec-
tionistimplementatiorof a symbolicalgorithmandlacks
mary of theadwantagesf connectionishetworksjnclud-
ing the ability to learn and make use of multiple weak
constraints.

Hendersorand Lane (1998)and Lane andHenderson
(1998) describedan extensionof the TSVB approach,
known asa simplesyndirony network that canlearnto
parsesentencesThe networktook the partof speectiags
for the sentenceconstituentsasinput andwastrainedto
producethe parsetree fragmentof ary constituentseen
sofar whenthat constituenis queried.Althoughthe net-
work never producesa full parsetree,thetreefragments
could be assemblednto one. The networkwas ableto
learnto parsea corpusof written Englishto a reasonable
degreeof proficiengy. However, this successs bounded
by thelimits of relying on partsof speectratherthanac-
tual words. This modelmight gain someadwantagefrom
usingwordsratherthantagsasinput, but it would then

encountemroblemsof lexical ambiguity Nevertheless,
themodelis ratherinterestingandcouldpotentiallyhave

reasonabl@racticalapplications. | might notethat, the

nameaside, TSVB seemsto be identical in practiceto

the query mechanismaisedin St. JohnandMcClelland

(1988,1990,1992) andin thework presentedn this pa-

per

2.2 Comprehension

Although parsingmodelshave sometimesheenlabeled
comprehensiomodels,| usethe latter term hereto re-
fer to systemghataim to derive a meaningfor an utter
ancethat goesbeyond its syntacticstructure. Thereare,
in fact, relatively few comprehensiomodelsin the liter-
ature. This may be due largely to the difficulty of rep-
resentingand processingemantianformation. Concept
and phrasemeaningsinvolve subtle aspectghat cannot
easilybecapturedn asymbolicor localistsystemanddo
not interactin a cleanly combinatorialfashion. Further
more,systemableto manipulatesuchinformationdo not
lend themseles to top-davn designand are bettercon-
structedwith learningmethods. Therefore,comprehen-
sion haslargely beenthe domainof distributed,connec-
tionistmodels.

Hinton (1981)discusse@newayin whichsemantidn-
formation and associationgould be storedand recalled
usingdistributedrepresentationandpointedout someof
the advantageghis hasover traditionallocalist semantic
networksandover staticdistributedrepresentationgOne
adwantagds thatassociationformedbetweerntemsmay
automaticallygeneralizeto semanticallysimilar items.
This work appeardo have influenced,directly or indi-
rectly, mary subsequentonnectionismodelsof seman-
tics.

Onesuchmodelis thatof McClellandand Kawamoto
(1986).While it doesnotderivefully structuredepresen-
tationsof sentenceneaningthismodelproduceghematic
caserole assignmentsyhich arethoughtto beanimpor
tantelementof comprehensionAssigningcaserolestyp-
ically involveslabelingthe nounsin asentenceasagents,
patients,instrumentsandso forth. A key obsenationis
that properassignmenbf caserolesdoesnot simply de-
pendon word order but also involves consideration®f
wordmeaningjnflectionalmorphologyandcontext. Mc-
ClellandandKawamotohopedtheir modelwould beable
to selectheappropriateeadingof ambiguousvords,fill
in missingargumentsin incompletesentencesandgen-
eralizeits knowledgeto handlenovel words given their
semantigroperties.

The modelusesstochastiaunits and a single layer of
weightsthat is trainedusingthe perceptrorcorvergence
rule. Theinputsto the modelconsistof the semantidea-
turesof up to four main constituentof the sentence—
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threenounsand a verb—whicharethenrecodedn four
larger setsof units that representonjunctionsof pairs
of elementdrom the original arrays. The modelis then
trainedto producethe semanticrepresentationgor the
fillers of up to four thematicroles: agent,patient,instru-
ment,andmodifier Themodelis ableto satisfymary of
the authors’goals,including resolvinglexical and struc-
tural ambiguities handlingshadesf meaning,andgen-
eralizingto novel words. However, asthey acknavledge,
thisis just a first stepandgreatly simplifiesthe problem
of sentenceomprehensionThe useof staticinput rep-
resentationsloesnot allow the networkto processvords
over time andresultsin a hardlimit onthe compleity of
sentenceshatcanbe handled. In particular it would be
unableto represenimulti-clausesentencesvithout con-
siderablechangesTheeliminationof functionwordsand
the useof a fixed setof outputslotslimits the numberof
thematicrolesthatcouldberecognizedy themodel.

McClelland and Kawamoto suggesteda number of
waysin which theseand other problemscould be reme-
died andthis wasfurther fleshedout, thoughnot imple-
mented,in McClellandand St. John(1987)andMcClel-
land (1989). Perhapghe bestknown modelof sentence
comprehensions the later work of St. Johnand Mc-
Clelland (1988, 1990, 1992) and McClelland, St. John,
and Taraban(1989). Thesepapersdescribeda model
that sharesmary of the goals of the McClelland and
Kawamoto(1986)work but extendstheframework to pro-
ducea changinginterpretationas eachconstituents re-
ceivedandto allow thelearningof distributedhiddenrep-
resentation®f phraseand sentenceneaning. The input
end of the modelis a simple-recurrenhetwork (Elman,
1990) that learnsto take a sequenceof phrasecompo-
nentsandcompileasinglemessageepresentatiorknown
asthe sentencegestalt,in the form of a trainablehidden
layer The phrasecomponentsre eithera simple noun
phrase prepositionaphraseor verb The outputend of
the modelwastrainedto answemruestionsaboutthe sen-
tencein the form of a probe. When probedwith a con-
stituent,the networkis to respondwith the thematicrole
playedby that constituent.Whenprobedwith arole, the
networkproduceghe constituenthatfills thatrole. Dur-
ing training, the error that derives from theseprobesis
backpropagatethroughthe networkto affect the forma-
tion of the sentencegestalt.

The St. Johnand McClelland model successfullyex-
hibitedits desiredbehaiors, includingthe ability to:

¢ makeuseof bothsyntacticandsemanticluesto sen-
tencemeaning

¢ reviseitsinterpretation®nlineandproducesxpecta-
tionsin theabsencef completenformation

¢ infer missing constituentsfor example that eating
soupis probablydonewith a spoon

infer propertiesof vagueconstituentssuchas“per-
son”, basedn context

handlebothactive andpassie sentences

usevariableverbsyntacticframes

generalizats abilitiesto novel sentences

A majorlimitation of the modelis thatit is not ableto
processesulti-clausesentencesyhich are of consider
ableinterestin the study of language.Otherlimitations
includethe representationahadequag of a small num-
berof fixedthematicrolesandthelack of extra-sentential
context. Neverthelessthe St. JohnandMcClellandmodel
remainsa key inspirationfor the work discussedn this
paper

One hindranceto the developmentof sentencecom-
prehensiommodelshasbeenthe difficulty of specifying
adequatemneaningrepresentationsf conceptsand sen-
tences. One solutionadoptedby Allen (1988), St. John
(1992a)andNoelleandCottrell (1995)is to avoid speci-
fying meaningsby focusingon languagdearningin the
serviceof atask. By groundinglanguagein this way,
the model can be trainedto respondto linguistic inputs
by performingan appropriateaction. Allen (1988)de-
scribeda modelwhichtakesasinput a codedmicroworld
and sequentiaguestionsaboutthat world. The simple-
recurrentnetworkwas trainedto answerquestionswith
either yes/noor single constituentresponses.In simi-
lar work, St. John(1992a)traineda simple-recurrenhet-
work to takea descriptionof a sceneanda sentencéden-
tifying a particularblock in the scene,suchas “the big
blue block thatis on the right of the left pag€e), andout-
put the block to which the sentenceefers. The model
is ableto handlefairly comple inputsincluding relative
clausesand prepositionalphrasesand can even handle
human-producedentencesnoderatelywell, but is oth-
erwiseseverely limited in its scope.

Noelle and Cottrell (1995)wereinterestedn the abil-
ity to perform a taskimmediatelyafter receving some
instructionson how to performit. This is describedas
“learning by beingtold”. The framewvork of their model
wasinspiredby the sentenceyestaltnetworkof St. John
andMcClelland(1990). The plan componenbf the net-
work recevesinstructionsover time andproduces plan
thatguidesthe performancef the domaintaskportionof
thenetwork.In thisway, thesentencgestalimodelmight
be viewed as one in which the input sentencenstructs
the modelhow to actappropriatelyin the domainof an-
sweringgueriesaboutthatsentenceAlthoughNoelleand
Cottrell did not phrasethe instructionsto their modelin
naturallanguagethatwould be a simpleextension. The
suggestiorthat much of languageis learnedin the ser
vice of varioustasksis a reasonableone. However, it
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seemaunlikely thatall of languages learnedthroughdi-
rect,action-basefieedbackn thisway.

MiikkulainenandDyer (1989a)traineda backpropaga-
tion networkon the samesentencesisedin the McClel-
land and Kawamoto(1986) study The networklearned
to map from a static representatioof the wordsin the
sentencéo arepresentatioof the caserole assignments.
Theprincipledifferencebetweerthisandtheearlierstudy
is thatMcClellandandKawamotohand-designefiature-
basedlistributedrepresentationfor wordswhile the Mi-
ikkulainenandDyernetworklearnedhewordrepresenta-
tions, usingthe FGREP-methodIn the FGREP-method,
word representationare initially randomized. Error is
propagatedll the way backto the input units and the
word representationare updatedasif they wereweights
on links feedingthe input group. The revisedrepresen-
tations are then used as training tamgets on subsequent
sentences.This methodseemdo be an effective onein
practicefor learningrepresentationshenthey mustap-
pearat boththeinput andoutputof a network. However,
it is not clearwhat preventsthe representationsom de-
generatingnto, for example,all zeros,nor how it could
be implementedwithout a symboliccontroller Thetask
performedby the systemis simplerdueto the fact that
wordsmaintainthe samerepresentations theinputand
output. Thereis no distinctionbetweerphonologicalnd
semanticepresentationandthe meaningof asentencés
treatedquiteliterally astheconcatenatioof its parts.The
methodwaslater extendedto a simple-recurrenbetwork
which acceptsthe samesentencegncodedsequentially
(Miikkulainen & Dyer, 1990).

MiikkulainenandDyer (1989b,1990,1991)furtherex-
tendedtheir modelto the comprehensioandproduction
of script-basedtoriesfrom alimited setof domains.The
storiesconsisteaf aserienf simplesentencedescribing
actiities suchaseatingin a restauranbr shopping.The
systeminvolves four modularnetworkswhich all share
the sameword representationdueto the FGREPmecha-
nism. Onenetworkmapsa sequencef wordsinto aslot-
filler representationf thecase-rolesf thesentenceThe

clausesThe networkis rathersimilar to thatusedto pro-
cessstories. The sentencegverecomposef noun-\erb
or noun-\erb-nounclauses separatedy commas. The
first modulemapsfrom a sequencef wordsdravn from
asingleclausepr partof a clausef it containsanembed-
ding,to aslot-basedepresentationf themeaning A sec-
ond networkmapsfrom a sequencef clauseframesto a
staticrepresentatioof all theframesn the sentenceTwo
othernetworksperformtheinversemappingsThesystem
wastrainedon a setof 388 sentencewith upto 3 clauses
utilizing just 3 differentverbsand4 nounsandwasableto
reproducehesentenceguitewell. Theuseof aslot-filler
representatiorior sentenceneaningplacesa hard con-
straintonthecompleity of sentencethatcouldberepre-
sentedby this system.Anotherlimitation is thatit relies
onmarkergo distinguishclauseboundariesthusprevent-
ing it from handlingreduced-relatie constructionsyhich
lack relative pronouns.Neverthelessasidefrom the cur
rentwork, this appeargo bethe only connectionistom-
prehensiommodelableto processomple sentences.
Two other connectionist comprehension models,
Miikkulainen (1990a)and St. John(1992b),alsoaddress
the problem of comprehendingstories with multi-
ple sentences. Both use sequencesof propositions
encodedin thematic role frames, rather than actual
sentencesasinput. For example,( agent =per sonl,
predi cat e=drove, patient=vehicle,
destination=airport). The Miikkulainen
model uses self-oganizing feature mapsto form an
unsupervisedlassificationof storiesbasedon the type
of eventbeingdescribed.The St. Johnmodel,known as
the story gestalt is quite similar in designto the earlier
sentencegestaltmodels(St. John& McClelland, 1990).
However, it was trainedto answerqueriesaboutentire
storiesratherthanindividual sentencesThe mainissues
addressebly the modelarethe representationf multiple
propositionsresolutionof pronounsrevision of on-going
interpretationsandinferencesand generalizationunder
the hypothesisthat gradedconstraintsatisfactionplays
a primaryrole in theseprocesses.The modelwasquite

next modu'emapsasequencef Sentenceepresentations successful although its generalization abilities leave

to aslot-filler storyrepresentatiorifwo othermodulesare
trainedontheinversemappings.Thenetworksareableto

comprehen@ndreproducehestoriesandcanfill in miss-
ing detailsfrom partialstories.However, thetruegeneral-

somethingo bedesired.

2.3 Word prediction

ization abilities of the systemarequestionablgiventhat Someof the mostsuccessfutonnectionismodelsof sen-
thestoriesaredravn from avery restrictedsetof possibil- - tenceprocessingare thosethat performword prediction.
ities. While theuseof modulesmprovestheability of the  Word predictionis a surprisinglyusefulability. It canbe
networkto solve this task,the methodrelieson encoding the foundationfor a languagemodelwhich determines
sentenceandstorieswith visible, slot-basedepresenta- the likelihood thata particularutterancewill occurin the
tions. This doesnot extend easilyto the more comple«  |anguage.This is a principal componenbf mostspeech
andsubtleaspect®f naturallanguage. recognitionsystemsasit helpsin resolvingambiguousn-
Miikkulainen (1990b)appliedthe modulararchitecture puts.Theability to predictaccuratelyis sufficientto gen-
to comprehendingndproducingsentencesvith relatve eratethe language and thusindicatesknowledgeof the
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grammarunderlyingthelanguage As a result,prediction
networksare sometimedabeledparsers However that
termis resered herefor amodelthatproducesanexplicit
representatioof the syntacticstructureof thesentence.
The bestknown connectionistprediction models are
thoseof Elman (1990, 1991, 1993), who pioneeredthe
useof simple-recurrenhetworks(SRNs),alsocalled El-
man networks. Elman (1990) appliedan SRN to letter
predictionin a concatenatedequencef words,demon-
stratingthatthe networkcould potentiallylearnto detect
word boundariedy identifyinglocationsof high entropy
wherethe predictionis difficult. Predictionmight thus
be a primary mechanisnmusedby infantsto learnword
segmentation EImanextendedthe modelto word predic-

branchingstructure Furthermorethenetworkwasableto
makeuseof semanticonstraintgo facilitateword predic-
tion in centerembeddedentencesHowever, thesessues
desere further inquiry. The sentencesisedin training
andtestingthe network,aswell asthosein mostempiri-
cal studies confounda numberof factorswith the center
versusright distinction. Theseinclude subjectrelatives
versusactive and passie objectrelatives, frequenyg ef-
fects,semanticonstraintsandtheinconsistenuseof re-
ducedrelatives. Finally, we might questionthe relevance
resultsfrom a predictionnetwork have in a comprehen-
siontask. A predictorhasthe adwantagethatit canfor-
getinformationonceit becomesdrrelevant. This is the
principalexplanationfor why sucha modelprefersright-

tion in a languageof simple sentencesRepresentationsbranchingstructures However, acomprehendemustre-

of words that developed at the network's hidden layer
could be clusteredto producea reasonablelassification
of words syntacticallyand semantically This indicates
that much of basicknowledgerequiredfor parsingand
comprehensionouldbeextractedby a predictionmecha-
nismfrom thechild’sinput.

Elman (1991) further extendedthe model to process
sentenceghat potentially involve multiple embedded
clauses.The main goal of this work wasto demonstrate
that networksare capableof learningto representom-
plex, hierarchicaktructure.Thisis clearlya critical ques-
tion if oneis concernedvith their ability to processat-
ural language. As Elman put it, “The importantresult
of the...work is to suggesthatthe sensitvity to contet
whichis characteristiof mary connectionistnodels and
which is built-in to the architectureof [SRNSs], doesnot
precludethe ability to capturegeneralizationsvhich are
atahighlevel of abstraction’{p. 220). However, asecond
major outcomeof the work wasthe finding that the net-
workswereonly ableto learncorporaof mostly comple

membermall importantinformationat leastuntil theendof
the sentenceThis would tendto weakenary preference
for right-branchingsentencesTheseissuesarediscussed
furtherin Section7.3.

Chaterand Conkey (1992) comparedElmans SRN
training procedureto a more complicatedvariant, back-
propagatiorthroughtime (Rumelhartetal., 1986),which
extendsthe propagatiorof error derivativesbackto the
beginning of the sentence.Not surprisingly they found
that backpropagatiothroughtime, which is slower and
considerablyess“biologically plausible”producedetter
results.Boundedbackpropagatiothroughtime is usedin
mary of theexperimentgeportedn this paper

Christiansen(1994) tested the ability of SRNs to
learn simple languagesexhibiting three types of recur
sion: countingrecursiod, centerembeddingsandcross-
dependenciesyhich exceedthe power of a contet-free
grammar However, theseexperimentsresultedin rather
poor results,with networksnot even performingaswell
as statisticalbigram modelsand sometimeswvorse than

sentenced they first begantraining on simplesentences unigrams. It would be worth re-examining the meth-

beforegraduallyadwancing. This wasdevelopedfurther
in ElIman (1993), whereit was showvn that the networks
couldalsolearnwell if theirmemoryspanswereinitially
hinderedandthengraduallyallowedto improve.
Theseresultsappearedo have importantimplications
for ary languagemodelsbasedon recurrentnetworks.
However, Rohdeand Plaut(1997,in press)re-examined
thesefindingsanddiscoreredthatmanipulatingthetrain-
ing environmentor memory spanof the networksdoes
notalwaysfacilitatelearningandcan,in fact, be harmful.
Thesessuesrerevisitedin greaterdepthin Section3.1.
Theotherconnectionispredictionmodelsareall based
moreor lessdirectly on (Elman,1991).WeckerlyandEl-
man (1992) focusedspecificallyon the issueof the dif-
ficulty of right-branchingversuscenterembeddedsen-
tences. They found that, in accordancevith behaioral
data,the SRN showved a preferencdor sentencefvolv-
ing a double centerembeddingversusa double right-

ods usedto train those networks. In a secondexper
iment, Christiansenextendedthe languageusedby El-
man (1991) to include prepositionalphrases]eft recur
sive genitives, conjunctionof noun phrasesand senten-
tial complements. One version of the grammarcould
producecenterembeddedentenceanda secondsersion
cross-dependenciedn generalthe networksperformed
ratherwell on theselanguagesand exhibited behaiors
thatlargely reflecthumancomprehensioperformancen
similar sentences.Christianserand Chater(in press-b)
extendedtheseresultsand provided more detailedcom-
parisonsvith humanperformance.

Finally, Tabor Juliano, and Tanenhaus(1997) per
formeda numberof experimentscomparinghumanand
networkreadingtimes on sentencesnvolving structural

5Countingrecursioninvolvessentencesomposedf a sequencef
symbolsof onetypefollowed by anequialentnumberof symbolsof a
secondypewithout anyfurtheragreementonstraints.
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ambiguities. Although the network usedin thesestud-
ieswasjust a simple-recurrenpredictionnetwork, read-
ing timeswereelicitedusinga novel “dynamicalsystem”
analysis. Essentially the hiddenrepresentationthat ap-
pearin the networkat variousstagesn processingen-
tencesare plotted in a high dimensionalspace. These
points are treatedas masseghat exhibit a certaingravi-
tationalforce. To determinethe readingtime of the net-
work onaparticularword, thenetwork’shiddenrepresen-
tationis plottedin thehigh dimensionakpaceandthenal-
lowedto gravitate amongthe attractorauntil astablestate
is reachedThesettlingtime is takenasa proxy for read-
ing time. Although this contrived test-massettlingwas
intendedto be a proxy for a true dynamicalsystemthat
actually settlesinto a stablestate,no experimentswere
performedo demonstratéhatthisis areasonablsimpli-
fication.

2.4 Production

Sentenceproductionhasreceved far lessattentionthan
parsingor comprehensiorin the symbolistcommunity
This may be largely dueto the fact that simple produc-
tion, if just viewed asthe inverseof parsing,or deriing
a sequencef wordsfrom a higherorderrepresentation
of sentencestructure canpotentiallybe accomplishedn
a symbolic framavork 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 nuancesf meaningthat are diffi-
cult to capturein a symbolicsystem(Ward,1991). Thus,
modelerdave begunturningto connectionisapproaches.
However, most connectionisianguageproductionmod-
els have so far beenrestrictedto the word level, deal-
ing with lexical accessand phonemeproductionrather
thansentence-kel phenomenéDell, 1986;0’Seaghdha,
Dell, Petersong& Juliano,1992; Harley, 1993; Dell, Ju-
liano, & Govindjee, 1993). This sectionconsidersthe
mostnotablesentenc@roductionnetworks.
KalitaandShastr{1987,1994)focusedontheproblem
of producingthe wordsin a sentenceagiventhe thematic
role fillers andindicationsof the desiredvoice andtense.
Their model,whichis a rathercomplex localist network,
is ableto producesimpleSVO sentence active or pas-
sive voice andin several tenses.In orderto ensurethat
constituentsare producedn the properorder the model
usessequenceunitsto inhibit nodesoncethey have per
formedtheir duty. A specialmechanisnis includedto al-
low the noun-phras@roductioncomponento bereused.
Becauseof the compleity of hand-designing localist
networkof thistype andof representinghematicrolesin
multi-clausesentencest is unlikely thatthismodelcould

easily be extendedto more complex sentencesparticu-
larly thosewith recursvely nestedstructures.The model
doesnot seemto exhibit ary propertiesthat transcend
thoseof symbolicsystems.

Gasser(1988) (see also Gasser& Dyer, 1988) de-
scribeda significantly more ambitiouslocalist produc-
tion modelthat producessentencesisingelaboratesvent
schemas.The model, known asthe ConnectionisiLexi-
cal Memory; is basedon interactize-actvationprinciples.
Bindingsto syntacticolesareencodedvith synchronized
firing, asin temporalsynchroly variablebinding (Hen-
derson,1994a). Sequencings accomplishedising start
andendnodedor eachphrasestructurewhich aresome-
what similar to the sequenceunits in Kalita and Shas-
tri’s model. Gasses modelis designedio accountfor
a wide rangeof phenomenaincluding priming effects,
speecherrors, robustnesgyiven incompleteinput or lin-
guisticknowledge,flexibility in sequencingandtransfer
of knowledgeto a secondlanguage. The modelis also
ableto parsesentencesisingthe samesequencingnech-
anismasfor generatiorbut maynotbeableto handlelex-
ical ambiguitiesor garderpaths.However, themodelwas
only appliedto simpleclausesandnounphrasesanddoes
not producerecursve structuresnvolving long-distance
dependenciesAgain, it is not clearwhethersucha lo-
calistmodelcould be scaledup to handlemore complex
language.

Thethird majorlocalistproductionmodelwasby Ward
(1991).Thismodelwasintendedo be“more connection-
ist” thanthe previous attempts,relying on a truly inter-
active settling processand avoiding the needfor binder
units. Ward describedprevious modelsasessentiallyse-
rial in their processingHis model,like Gasses, wasde-
signedto handleboth Japanesand English. One major
limitation of the model,which mayapplyto the othersas
well, is thatthe networkstructuresusedto representhe
intendedmeaningof theutterancearebuilt onasentence-
by-sentencéasis.Althoughthe modelis apparentlyable
to producea broaderangeof sentencethanthe previous
attemptsit is still unableto handleagreementanaphaor
andrelative clauses.Ward acknavledgedthat a primary
dravbackof the modelis the difficulty of extendingit in
all but the mosttrivial waysandhe recognizedhe need
for alearningmechanism.

The inability to learnor to handlecomplex structure
appearsto be inherentin localist production models,
which shouldnot be surprisingsincethesesystemsend
to be rathertransparentmplementationf classicalfi-
nite statemachines. However, while not truly context-
free, languageis pseudo-contd-free or even pseudo-
contet-sensitie in thatit allows a limited amountof re-
cursion.For asimple,localistfinite statemachineto cap-
ture suchrecursionjt would requirereplicatedstructure,
which would presumablybe a serioushindranceto gen-
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eralization.We thereforeturn to modelsthat makeuseof
distributed representationwith the hopeof overcoming
theseproblems.

Kukich (1987)was interestedin the ability of a net-
work to learnto producestock marketreportsgiven the
day’s activity. He doubtedthe ability of a singlenetwork
to learntheentiretaskandthustrainedonenetworkto as-
sociateunitsof meaningsememegp morphemesndan-
otherto re-ordermorphemesSememesvererepresented
asa seriesof slotfillers encodingsuchinformationasthe
type of tradingactiity, andthe direction,anddurationof
ary change.The outputof the first networkwasan un-
orderedsetof word stemsand suffixes, which could be
producedaccurately75% of thetime. The morphemeor-
dering networkdid not actually producemorphemese-
guentiallybut useda slot-based:ncodingof order The
resultsof thesesimulationdeft considerableoomfor im-
provementbut were encouragingiven the early stateof
connectionism.

| have alreadymentionedthe comprehensiomand pro-
duction models of Miikkulainen (1990b) and Miikku-
lainenand Dyer (1991). Theseweretrainedto produce
eithersequencesf sentencebasedn aslot-filler repre-
sentationof a story or multi-clausesentencebasedon a
slot-filler representatiomf its clauses. So far this work
hasbeenrestrictedto fairly simpledomains. The nature
of the representationasedappearto limit the ability of
the systemto be scaledup to morenaturallanguages.

Finally, Dell, ChangandGiriffin (in press)werespecif-
ically interestedin the phenomenorof structuralprim-
ing, which leadsspeakergo preferentiallyproducesen-
tencesof a particularform, suchas passive ratherthan
active voice,if they have recentlyheardor producedsen-
tencesof similar form. Dell etal. hypothesizedhatthe
mechanisnthat resultsin structuralpriming is the same
procedureusedto learnproduction. Their modeltakesa
representatioof the sentence propositionakcontentand
produceshe wordsin the sentencesequentially While
it was intendedto be an SRN, the recurrentportion of
themodelwasnotactuallyimplementedbut wasapprox-
imatedby a symbolic procedure. Propositionalcontent
wasencodedisinga slot basedrepresentatiogonsisting
of localistrepresentationsf the agent,patient,recipient,
location,andaction. Therefore the modelwasonly able
to producesimplesentencewith alimited rangeof prepo-
sitionalphrases.

Basedon whetherthe agentor patientrecieved greater
emphasisthe modelwastrainedto produceeitheractive
or passve sentenceslt wasalsoableto corvey recipi-
entsusinga prepositionaphraseor a datve. The model
learnedto producesentencesvith 94% of the wordscor
rect. Basedon an averagesentencédengthof 4.8 words,
we mightestimatahatthistranslate$o about74%of sen-
tencesbeing producedcorrectly The modelwasableto

matchhumanstructuraprimingdataquitewell. Themain

limitations of this modelarethatit wasonly appliedto

simplesentencegdidn’t producesentenceasaccurately
asonemight hope,anddid not learndistributedcontet

representationd’hemodelpresentedh thecurrentpaper
is rathersimilar to that usedby Dell et al. but amends
someof its limitations.

2.5 Other language processing models

Therehave beena few additionalconnectionistnvestiga-
tionsof languagehatdonotfit cleanlyin oneof theabove
catgories.

Hansonand Kegl (1987)trainedan auto-encodenet-
work, known asPARSNIR to compressentencesiravn
from the Brown corpus(Francis& Kucera,1979).Words
werereplacedy oneof 467syntacticcateories,eachen-
codedusing 9 bits. Only sentencesvith fewer than15
words were selected eliminating relative clauses. The
input and output representation$or the network com-
prised15 slots, holding the syntacticcatejories of all of
thewordsin the sentencat once. PARSNIP wastrained
usingbackpropagatioto mapfrom theinputto theiden-
tical outputthrougha smallerlayer of 45 units. When
trainedon 10,000sentenceshe networkwasableto re-
produceabout85% of the word cateyoriescorrectly The
networkperformedat aboutthe samelevel on novel sen-
tences,indicating robust generalization. PARSNIP was
reportedlyabletofill in missingsentenceonstituentsnd
correctbad constituentsand did so in a way that often
went againstfirst-orderstatistics. It could handlesingle
embeddinggjespiteheir nothaving beentrained but not
doubleembeddingsr somesentencethatviolateEnglish
word order constraints. Although Hansonand Kegl ac-
knowledgethatauto-associatiois notareasonablenodel
for languageacquisitiontheimportanceof this work was
its demonstratiothatdistributednetworkscanlearnto be
sensitie to higherorderstructuremerely throughexpo-
sureto surfaceforms and cangeneralizehat knowledge
in productve ways.

Allen (1987) performeda numberof small studiesof
languageusing backpropagatiometworks. In one ex-
periment,a networkwas presentegentencesontaining
pronoungreferringto nounsappearingearlierin the sen-
tenceandwastrainedto identify the locationof the orig-
inal noun. Althoughit is not clearhow well the network
couldreally performthetask,it wasableto makeuseof
semanticpropertiesand genderin resolvingsomerefer
ences.A secondexperimentinvolvedtraining a network
to translatefrom Englishto Spanishsurfaceforms. The
sentenceslealt with a single topic, were limited to 11
wordsin length,andwere presentedo the network stat-
ically. A multi-layer feed-forwardnetwork was able to
translatehe sentencesn a novel transfersetwith anav-
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erageof just 1.3 incorrectwords. Although theseearly
experimentavererelatively simple,they areindicative of

viously obsered positive evidence(cf. Marcus,1993). |
raisethe issueof predictionherebecauseaswe will see

the ability of networksto learncomplex language-relatedin Sections7 and 8, it may play a fundamentakole in

tasks.

Finally, Chalmers(1990) demonstratedhat connec-
tionist networks, while ableto constructcompositional
representationthroughmechanismsuchasthe RAAM
(discussedn Section6.1), can also operatedirectly on
thoserepresentationis a holisticfashionwithoutfirst de-
composinghem. Chalmerdfirst traineda RAAM to en-
codesimpleactive andpassie sentenceandthentrained
a secondhetworkto transformthestructuralencodingf
an active sentenceo that for the correspondingpassve
sentenceThetransformatiometworkwasfoundto gen-
eralizequite well to novel sentencesThis simple exper
imentdemonstratethat networkscanperformstructure-
sensitie operationsn a mannerthatis not simply anim-
plementatiorof symbolicprocesses.

In summary other than predictionnetworks,no con-
nectionistsentencerocessingnodelshave exhibited all
of themainpropertiesnecessarjo provide a plausibleac-
countof naturallanguageacquisition. Theseincludethe
ability to learna grammayto process sentenceequen-
tially, to representomplex, multi-clausesentencesand
to be naturallyextendableto languagesutsideof the do-
mainoriginally addressefly thedesigner

3 Word Prediction Revisited

The ability to predict utterancesn a languageis quite
powerful. Accurateword predictionis quitepowerful, en-
tailing knowledgesuficient to producea languageor to
decidethe grammaticalityof ary sentence Predictionis
therole of the languagemode] which hasbeenfoundto
be essentiain mary formsof automatedhaturallanguage
processingsuchasspeecltrecognition(Huang,Ariki, &
Jack,1990),andis believedto play arole in humancom-
prehensio{Marslen-Wison & Tyler, 1980). The benefit
of predictionis largely thatit enableghe systemto dis-
ambiguatenoisyinput on the basisof the likelihood that
a particularutterancevasintendedandbecauset allows
the systemto prepardtself to betterhandleexpectedin-
puts.In learningcomple, goal-directedehaior, predic-
tion can provide the feedbacknecessaryo learnan in-
ternalforward modelof how actionsrelateto outcomes
(Jordan& Rumelhart,1992). Sucha modelcanbe used
to corvert “distal” discrepanciebetweerobsenableout-
comesandgoalsinto the “proximal” error signhalsneces-
saryfor learning therebyobviatingtheneedor externally
providederrorsignals.Two importantadditionalfeatures
of predictionarethatno externaltrainingsignalis needed
otherthantheinputitself andfeedbacks availableimme-
diately;thelearnemeednot performare-analysif pre-

learninglanguageproduction.

It is importantto clarify thatthe type of predictionsl
hypothesizeéhelanguagesystemmight beengagedn are
not necessarilyconsciouslyaccessiblenor mustpredic-
tions be over a small set of alternatves. Nor, for that
matter is predictionrestrictedto a probability distribu-
tion over localistlexical units—it is likely thatlinguistic
predictionsoccuron mary levelsof representatiorgcross
phonemideaturesacrossemantiandsyntacticfeatures
of words, and acrosssemanticand syntacticfeaturesof
entirephrases.

We mightview predictionasinvolving the operatiorof
standardprocessingnechanismsvhich embodythe gen-
eral computationaprinciple, in interpretinglinguistic ut-
terancespf going asfar beyond the literal input as pos-
siblein orderto facilitatesubsequergrocessingseeMc-
Clellandetal., 1989).Oneversionof thisapproactwould
be to proposethat the systemmaintainsand updatesin
real time a probability distribution over wordsreflecting
thelikelihoodthateachwordis theonebeingheard.Such
adistributionis exactly whatwouldemege from attempt-
ing to predictthe currentword asearlyaspossible.More
generally accuratepredictionneednot andshouldnot be
basedon the precedingsurfaceforms alone,as in a k-
limited Markov source.In orderto makeaccurateredic-
tions andto generalizeto novel combinationsf surface
forms, the systemmustlearnto extractandrepresenthe
underlyinghigherorderstructureof its environment.

3.1 Ontheimportance of starting small

In orderto demonstratehe ability of neuralnetworksto
learnto encodehierarchicalconstituensstructure Elman
(1991,1993)investigatedhe ability of a neuralnetwork
to learn a languagepredictiontask. He traineda sim-
ple recurrentnetwork (Elman, 1990, sometimegermed
an “Elman” network) to predict the next word in sen-
tencegyeneratedby anartificial grammarexhibiting num-
beragreementyariableverbamgumentstructure andem-
beddedclauses. EIman found that the network was un-
ableto learnthe predictiontask—and hence the under
lying grammar—whenpresentedrom theoutsetwith sen-
tenceggeneratedy thefull grammar The networkwas,
however, ableto learnif it wastrainedfirst on justsimple
sentence€.e.,thosewithoutembeddingsfollowedby an
increasingproportionof complex sentencesTheexplana-
tion of thesefindingswasthat focusingon simple struc-
turesinitially allowedthe networkto learnthe important
noun-\erb relationshipsbeforeapplying that knowledge
to morecomple constructions.

Additionally, ElIman (1993)found that networkswere
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alsoableto learnwhenfacedwith thecompletdanguage
from the startbut with their memoryspaninitially lim-
ited andallowedto improve gradually Theexplanationin
this casewasthatthe memory-limitednetworkwasonly
ableto learnthe simplerelationsfirst but thatthis helped
it to subsequentliearnmorecomple structuresThefact
thatlearningwassuccessfubnly underconditionsof re-
strictedinputor restrictednemoryis whatElmanreferred
to as“the importanceof startingsmall”

Elmans finding that simplifying a network’s training
ervironmentor limiting its computationatesourcesvas
necessaryfor effective languagelearning was interest-
ing largely becauset accordswell with Newport’s “less
is more” proposal(Newport, 1990; Goldowsky & New-
port, 1993)—thatthe ability to learna languagedeclines
over time asaresultof anincreasein cognitive abilities.
This hypothesidgs basedon evidencethat early and late
learnersseemto shaw qualitative differencesn thetypes
of errorsthey make. It hasbeensuggestedhat limited
abilities may force childrento focuson smallerlinguis-
tic unitswhich form the fundamentatomponent®f lan-
guageratherthanmemorizinglargerunitswhich areless
amenableo recombinationin termsof EImans network,
it is possibleghatstagednputor limited memorysimilarly
causedhe networkto focusearly on simpleandimpor
tantfeaturessuchasthe relationshipbetweemounsand
verbs.By “startingsmall; it is believed,the networkhad
a betterfoundationfor learningthe more difficult gram-
maticalrelationshipsvhich spanpotentiallylong andun-
informative embeddings.

However, in a reexaminationof thesefindings (Rohde
& Plaut,1997,in press)we exploredthe hypothesighat
theimportanceof startingsmallmightbelesscritical with
a somavhat more naturallanguagehanthe oneusedby
Elman. To this end, we introduceda training language
thatwassimilarto EImansbutaddedsemanticonstraints
limiting thenoungthatcouldactassubjectsandobjectsof
eachverh Theextentto whichthesesemanticonstraints
wereappliedbetweerconstituent®f aclauseandthoseof
its sub-clauseould be parametricallycontrolled. Some-
whatsurprisingly we foundthattherewas, in fact, a sig-
nificantadwantagdo startingwith thefull languageAsil-
lustratedn Figurel, thisadvantagencreasedsbetween-
clausesemanticonstraintdecamestronger

Wethenattempteda moredirectreplicationof EIman’s
work in orderto betterunderstandhe discrepang in our
results.Using our trainingmethodson Elman’s grammar
againresultedin a significantdisadwantagefor starting
small. However, whenwe adoptedsimilar parametersye
foundneitherthe simplenor complex trainingregimesled
to successfulearning,althoughthecomplex regimenwas
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Figurel: Meandivergenceperword predictionover the
75% comple testing corporafor the simple and com-
plex training regimes. Lower valuesindicatebetterper
formance.GrammarclassesA throughE vary in the per
centagef sentencethatareforcedto obey semanticon-
straints,from 0% to 100%. Meansand standarderrors
werecomputedver thebest16 of 20trialsin eachcondi-
tion.

is closeto thevalueof +0.001choserby EIman,progress
canbeseverely delayedor evenimpossible.Thisis espe-
cially trueof networksin thecomple regimen. However,
if therangeis closerto the +1.0 we adopted)earningis
initially quite rapid in both regimesbut ultimately more
successfulor networksthatsav a stable,comple input.

Ourstudiesof memorylimitationsfoundthatthey seem
to have no significanteffect on learning.Initially, the net-
work hasnot yet learnedto useits memoryand period-
ically interferingwith it hasno effect. As the network
developsrepresentationthat facilitate relianceon mem-
ory, thelimitations arerelaxed andthus continueto have
little effect. Startingsmallin predictiontasksdoesnot
seento beafundamentahecessityor recurrennetworks
becausenetworkstend to naturally start by picking out
simple correlationsin the input. The dangerof starting
with simplifiedinputsis that, early on, the networkmay
commitall of its resourceso solving the apparentlysim-
ple taskandwill subsequentlye unableto restructurets
representationencethe demandf the taskchange. It
appearshatElmans difficulty with thecomple regimen
mayhave beenlargely dueto anunfortunatechoiceof ini-
tial randomweights.

Although we believe startingsmall to be of dubious
import in prediction,it may have significantbenefitsin

worse.Experimentingwith therole of variousparameters learningcomprehensionThis is especiallytrue because

we discoreredthattherangeof initial randomconnection
weightshasthe greateseffect. In particular if therange

the targetsfor comprehensiorare not immediatelypro-
vided asin prediction. A child presumablylearnscom-
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prehensiorby inducingthe intendedmeaningof its par
ent’s utterancerom its world knowledgeandthe current
situation. It is unlikely that the child will be capableof
inducingor evenrepresentingomplex messagesThere-
fore, complex sentencesnay largely sene asnoiseuntil
thechild is capableof representinghethoughtsxpressed
by themandit maybeadwantageouso simplify our utter
ancedo children,aswe appeato do (Newport, Gleitman,
& Gleitman,1977).Neverthelessye fully agreewith El-
manin the more importantresult of theseexperiments:
thatrecurreninetworksappearcapableof learningto rep-
resenthehierarchicatonstituenstructuresxecessarfor
processingnaturallanguagewithout relying on extensie
innateinformation.

4 TheWanna Problem

Predictionnetworkshave beenanimportanttool in pro-

viding new explanationsfor our linguistic abilities and
challengingclaims againstthe learnability of language.
This sectionsdescribesa recentexperimentalong these
lines. Oneaspectof Englishthat appeargatherdifficult

for alearnerto acquireis knowledgeof the oftenrarecir-

cumstance@ which certainlexical contractionsare pro-

hibited. Thisis especiallyinsidiousin the caseof thecon-

tractionfrom “want to” to “wanna”, asillustratedin the

following sentences:

(1) a. Youwantto play with Stan?
b. Who do you wantto play with ¢?
¢. Who doyouwannaplaywith ¢?

(2) a. YouwantStanto playwith you?
b. Who do you wantt to play with you?
c¢. *Who doyouwannaplay with you?

Undermostcircumstanced:nglishpermitsthewanna
contraction,asin the object extraction question(1c) in
which,accordingo transformationajrammay“who” has
beenmovedfrom theobjectpositionattheendof thesen-
tenceto the front, leavzing behinda “Wh-trace”, identi-
fied with a¢t. On the otherhand,sentenceg?2b) involves
subjectextraction in which the Wh-tracefalls between
“want” and“to”. Most English speakergudge contrac-
tion in this caseto soundunnatural. One explanationis
thattherulesof EnglishprohibitcontractioracrossaaWh-
trace. While it is debatablevhetherthe existenceof a
Wh-traceis truly the reasorthat contractionis awkward
in subject-a&tractionquestionsa moreimportantissueis
whetherthis aspecof Englishcould be learnedfrom the
input availableto the child or whetherit reflectsaninnate
rule, ashasbeenmaintainedy sometheoristf Chomsly,
1976;Thornton,1999;Crain,1991).

The problemhere arisesfrom the fact that the tradi-
tional view of languageliscountgherole of thestatistical

propertiesof the input. Accordingly, the languagenput
is consideredo be a sequenc®f valid sentencesiravn
with no guaranteehatary particularsentencegrammat-
ical structure,or rule will be obsered in ary fixed pe-
riod of obsenation. Theonly guaranteés thateverylegal
sentencavill eventuallybe heard.Thereforethelearner
following ary finite exposure,is never justified in con-
cluding that a particularstructureis not part of the lan-
guagesimply becausét hasnot beenobsened. As far as
thelearnerknows, that structuremay be obsered at arny
moment.Likewise,in suchanervironmentit is not pos-
sibleto recover from overgeneralizationFor example, if
the learneradoptedthe over-generalrule that “want to”
may alwaysbe contractedo “wanna”, it will never dis-
cover thatit is wrong becausehe lack of sentencesike
(2c) doesnot constituteevidencethatsuchsentencewill
never appear Thus,Gold (1967)hasprovedtheoretically
that mostinterestinglanguagedearningtasksareimpos-
sible whenonly very weak constraintsare placedon the
input.

As Crain (1991) agues, assumingchildren are only
exposedto examplesof valid sentencesvithout negative
feedback:

It is difficult to seehow knowledgeaboutthe
ungrammaticalityof sentencedike [2c] could
have beenacquiredthrough exposureto ervi-

ronmentalinput at ary age. It is accordingly
importantto 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 childrenwhoerrin thisway, ... childrenwho
makethe falsegeneralizatiorwould not be in-

formed of their mistake,andwould not attain
the adult grammar.. Here, then, is a partial
syntacticgeneralizatioof grammathatclearly
calls for assistancérom innatelinguistic prin-

ciples.(p. 603)

Ratherthanresortingto innateknowledge,an alterna-
tive perspectie is offeredby acceptinga morerestrictve
modelof thelanguagesrvironment.We mightreplacethe
weakguarante¢hateachiegal sentencevill eventuallybe
obsenedwith a stochastigguaranteghat eachlegal sen-
tencewill be obsered duringary fixed periodof obser
vation with somenon-zeroprobability. As a result, the
probability thata common,andthusimportant,sentence
or sentencetructuregoesunobseredafteralengthening
period of time grows ever smaller If a learnerdoesnot
obsenre a structuresuchas(2c) after considerablebser
vation,thelearnercanassumewith smallchanceof being
incorrectthatthe structurds not partof thelanguage.

| hypothesizedhat, given sucha stochasticerviron-
ment, the properuse of “wanna” could be learnedby a
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systemsensitve to the statisticalpropertiesof its input
when exposedto a languageapproximatingthat experi-

“Who do you wantto play with you?”. In the artificial
language.12%(just over a tenthof onepercent)of the

encedy achild. In particular | trainedasimple-recurrent sentencewereof theform (1b), 0.08%wereof theform

networkon a predictiontaskandthenelicited grammati-
cality judgementdrom the network. The resultis that
the network becamequite sensitie to the properuse of
“wanna” despiteary negative examples,despitethe lack
of ary semantidnformation,anddespiteheveryrareoc-
currenceof eitherobject-or subject-&tractionquestions
in thelanguage.

4.1 Thewantinglanguage

It was my intentionthat the languageusedin theseex-
perimentsreflect, as accuratelyas possible,the distri-
bution of inputs children arelikely to experiencewhile
they themseles are learningthe properuse of contrac-
tions. Becauset wasnot feasibleto modelthe entirelan-
guage,the input was restrictedto thosesentencesleal-
ing with “wanting”, which is a fairly commontopic of
conversationwith children. To obtain an approximate
model of this portion of English, | analyzedapproxi-
mately1,000child-directedsentenceBom the CHILDES
databasgMacWhinng, 1999) and classifiedthem into
54 sentencdérameswith associatedrequencie®f occur
rence whicharedisplayedn Table4.1.

In the artificial language 15.7%of the utterancesare
statementandtherestquestionsThis turnedout slightly
lessthanthe 17.2%in the CHILDES data,the frequeng
of questiondeingparticularlyhigh for sentencegvolv-
ing wanting. 24.0%of the artificial sentencesisethere-
ducedform, wanna,which is quite closeto the 24.4%in
the CHILDES data. It is interestingto notethat, in the
data,the contractedform was usedin 40% of the cases
in which it is appropriate.However, we cannotrely too
muchon theseexact proportionsbecauset is likely that
transcribersvariedin their sensitvity to whethera con-
traction was used. Somavhat surprisingly object- and
subject-extraction questionswere actually quite rare in
thedata.Of the22,418sentenceswvolving wanting,only
37 were“who” questions.Of these,7 wereuncontracted
object-etractionsof the form (1b), 4 were contracted
object-etractionsof the form (1c), 9 were uncontracted
subject-g&tractionsof the form (2b), and 2 were of the
supposedlyllegalform (2c). However, we shouldnt con-
cludetoo muchfrom thesefindings,giventhe sparsityof
thedataandthe possiblynon-uniformtranscriptions.

Although subject-&traction questionsavere quite rare
overall,thismaypartially beaneffect of thewayin which
the CHILDES datawascollected. Mary of the obsena-
tions involved a parentinteractingwith their child in a
closedervironment. In a situationwith no other partic-
ipants,it may be commonto ask“What do you wantto
play with?” but not “Who do you wantto play with?” or

(1c),and0.2%wereof theform (2b). Therewereno sen-
tencef theform (2c).

Sentencesvere completedfrom the framesusing a
fixedsetof nounandverbphrases33 nounphrasesvere
able to sene as direct objectsand 15 as subjects,not
including the very common*“you” and“l” thatwerein-
cludedin the frames. The nounswere selectedrom the
mostfrequentwordsin the CHILDES data. Someexam-
ples of noun phrasesare: “it", “Mommy”, “the baby”,
“your toys”, and “something”. 26 of the most com-
monverbswereselectedforming approximately80 verb
phrasestructures,including: “read READ_OP”, “feed
FEED.OP to FEEDRE", “feed FEED.RE FEED OP”,
“sit with SIT_OP”. Eachverbpermittedonly certainnoun
phrasesn eachof its thematicrole slots,aswereseman-
tically appropriate All told, thelanguageused90 lexical
items.

Ratherthangiving the predictionnetworklocalistrep-
resentation®f the lexical items,asin EIman(1991)and
RohdeandPlaut(in press)wordswerepresentednesyl-
lableat atime usinga phonologicakncoding.This is be-
causecontractedorms are not merelyarbitraryreplace-
mentsfor theoriginalwords,but arephonologicallyquite
similar. | hypothesizedhatthis similarity could be quite
importantasit makeghe generalizatiorto the contracted
form easielandthenon-generalizatiorequiredo rule out
sentencesf theform (2c) correspondinglyarder Sylla-
bleswereencodedisingoneunit for eachphonemen the
onset,vowel, and coda. 20 units were requiredfor the
onsets15 for thevowels,and16 for thecodas.

At eachstep thenetworkwastrainedto predictboththe
next syllableandthewordthatwould containthenext syl-
lable. It wasalsotrainedto predicttheendof thesentence
and indicate whetherit had beena questionor a state-
ment. However, at the startof the sentencehe network
wastold which it would be. This wasmeantto reflectthe
factthat,in English,thespeakestoneoftendistinguishes
statement$rom questionseven from the very start. The
meansentencdengthwasapproximately6 syllables(5.4
words),or 7 includingtheinitial punctuation.

4.2 Methodsand results

The network usedin theseexperimentsis illustratedin
Figure2. It is a simple-recurrenbr Elmannetwork (El-
man,1990)which usedogistic activationfunctionsonall
of the unitsbut a soft-maxconstraintLuce, 1986)on the
lexical-level outputunitswhich normalizegheir total ac-
tivationto 1.0. A cross-entroperror measurevasused
onthesyllableoutputgroupanddivegenceonthelexical
outputgroup. Initial weightswererandomlygeneratedh
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Tablel: Sentencdramesusedin the“wantinglanguage”
with associatefrequencies.

Frame Frequency
? youwantOP? 0.1230
? DOlyouwantto VP ? 0.1230
? youwantto VP ? 0.1230
? DOlyouwantOP? 0.0840
? youwannavP ? 0.0760
? wannaVvP ? 0.0500
? wantto VP ? 0.0500
? DOlyouwannaVvP ? 0.0420
? whatDO1youwant? 0.0380
? youwantOP2to VP ? 0.0380
. youwantto VP . 0.0280
? DOlyouwantOP2to VP ? 0.0260
?wantOP? 0.0260
. youwantOP. 0.0220
.l wantto VP . 0.0200
.l wannavP. 0.0180
. NPWANT to VP. 0.0180
? wantOP2to VP ? 0.0140
? whatDO1youwantOP2to VP_WHAT ? 0.0140
? whatDO1youwannado ? 0.0140
. wantOP. 0.0120
. youwannaVP . 0.0120
? which O DO1youwantto VP_-WHAT ? 0.0100
. youwantOP2to VP . 0.0080
. wantOP2to VP . 0.0070
? which O DO1youwant? 0.0070
. wewannavP . 0.0070
? whatDO1 youwannaVP_-WHAT ? 0.0070
? why DO1youwantOP? 0.0060
? why DO NP wantto VP ? 0.0060
? whatDO1youwantto VP ? 0.0050
? whereDO1youwantto VP ? 0.0050
. NPWANT youto VP . 0.0050
? NPWANT to VP ? 0.0050
? which O DO1youwantOP2to VP_WHAT ? 0.0040
? how DO1youwantOP? 0.0040
? why DO1youwannaVvP ? 0.0040
? who DO1youwannabe? 0.0040
? why DO1youwantOP2to VP ? 0.0040
? 1 wannaVvP ? 0.0030
? 1 wantto VP ? 0.0030
? whereDO1youwantOP? 0.0030
?whatDO NP want? 0.0030
? whatDO1 youwantto do? 0.0030
? DO NPwantOP? 0.0030
? DO NPwantto VP ? 0.0030
? whowantsto VP ? 0.0030
? whatDO1 youwantto 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 DO1you want to VP ? 0.0020

90
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Figure 2: The simple-recurrenpredictionnetworkused
in the “wanna” experiment.

therange+0.3. Thenetworkwastrainedon 1 million sen-
tencesusingthe LENS neuralnetworksimulator(Rohde,
1999a). Sentencesvere not dravn from a fixed corpus
but were generatedn-the-flyfrom the grammarusinga
programcalledthe Simple LanguageGeneratoi(Rohde,
1999b). Weight updateswere performedevery ten sen-
tencesBoundednomentundescentvasusedwith a mo-
mentumof 0.9 anda learningrateinitialized to 0.2, an-
nealedgraduallyto 0.04,andthenreducedo 0.0005for
thelast50,000sentence$.

Whentestedon 5,000sentenceproducedn the same
way asthe training corpus,the averageerror per predic-
tion (comparedagainstthe theoreticallycorrectpredic-
tion distribution)was0.0056for thelexical predictionand
0.0217for the syllable prediction, comparedwith 3.93
and42.6for arandomnetwork. To testwhetherthe net-
work had learnedthe properusageof wanna,four sets
wereconstructegtachcontainings00sentencefrom one
of thefour extraction-questiosentencaypes:(1b), (1c),
(2b), and (2c). In generatinghese,questionghat were
ambiguoushsubject-or object-extractions suchas“Who
doyouwantto help?” wereeliminated.A predictionnet-
work thathaslearnedheappropriateiseof wannashould
performpoorly on theillegal sentencesf type (2c). In-
deedthisis reflectedn the overalllexical predictionerror
which, whencomparedigainsthe actualnext word, was
1.45for sentence$lb), 1.44for (1c), 1.34 for (2b), but
1.97for (2¢). However, asignificantportionof thiserroris
dueto thedifficult predictionof “who” atthebeginningof
all of thesesentencesWhenthisis factoredout, the error
scoresare(1b):0.922,(1¢):0.917,(2b):0.870,(2¢):1.503.
Thus,theillegal subject-&tractionwannasentencegro-
ducesignificantlygreatempredictionerroroverall.

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

6Boundednomenturis amethod developedhatboundsthelength
of the weight adjustmenttepto be no greaterthan the learningrate,
prior to the additionof the momentumterm. In mostcaseghis makes
learningmore stableandreduceghe needto adjustthe learningrateor
momentum.
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Figure3: Grammaticalityratingsof thewannaproblemtestsentencesvaluesto the left arelessgrammatical.

ical predictions. Borrowing from Rohdeand Plaut (in

press),to assesshe “goodness”of the sentencdor the
purposeof judgingits grammaticalitywe selectedhetwo

wordsthat were most“surprising” to the network (those
to which the networkassignedhe leastlikelihood, other
thantheinitial “who”) andtook thelog of the productof

the two likelihoods. Figure 3 shawvs a histogramof the
grammaticalityratingsof the 500 sentencem eachof the
four extraction-questiorntypes. Note that the distribution

for thesentencesf type(2c)is shiftedto theleft, indicat-

ing thatthesesentencearelessgrammaticahccordingo

themeasuraised.Of particularinterests thefactthatthe

distributionsfor (2b)and(2c), whichdiffer only in theuse
of “wanna”, are quite well separatedIf a valueof -3.72
wereselectedasthe decisionpoint betweengrammatical
and ungrammaticakentencesthe network would make
just 10.6%errorson (2c), 10.4%on (1c), 6.6% on (1b),

and0.2%on (2b).

4.3 Conclusion

The networkin this experimentwastrainedto perform
word and syllable predictionon a languagethat models
theexperiencechildrenhave in Englishwith sentencem-
volving wanting.Despiteary negative examplesthelack
of ary semantiénformation,andtheveryrareoccurrence
of extraction questiondn the languagethe networkbe-
camequite sensitve to the prohibition againstusing the

makesouseof semanticluesin solvingthewanngprob-
lem. In fact, | believe thattransferof knowledgefrom fa-
miliarity with statementsuchas (2a) to questionssuch
as(2b) may play a majorrole. The conclusionis merely
thattheredoesnot appearto be ary principledreasornto
believe that the wannaproblemcould not be solved by a
fairly generallearnerbasedon nothing morethansensi-
tivity to the obserablepropertieof theinput.
Theseresultsdo not shedlight on whetherthe invalid
usesof “wanna”, asfar asthe networkor humanlearner
is concernedhave arything to do with the possibleexis-
tenceof a Wh-trace.However, othercontractedormsin
Englishhave proscribedusageghatdo not involve Wh-
traces.For example,although“should hase” canusually
be contractedo “shoulda”, onecouldsay*l shouldhave
somecoffee] but not, “*I shouldasomecoffee”. Al-
thoughwe have limited oursehesto the “wanna” con-
tractionin theseexperiments the model could easily be
appliedto othercases.It may be thata systematiaela-
tionshipbetweerthesevariousforms andthe underlying
semanticsnakest eveneasielto learnwhencontractions
arepermittedandwhenthey areproscribed.

An Integrated Framework for
Sentence Processing

contractedorm of “want to” in subject-&tractionques- A primarygoal of mary researchergwolvedin the con-

tions.| donotintendto suggesthatthelearnerof English
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languagecould belearnedby afairly generaimechanism
not reliant on detailed,innateknowledge. The principle
languageasksthatmustbe addressedrecomprehension
andproduction.However, asdiscussedh Section?, there
hasso far beenrelatively little work on thesefundamen-
tal problems.Most connectionistearningmodelsto date
have focusedon single-wordtasks, prediction, parsing,
andlimited formsof comprehensiosuchasthematicrole
assignmentComprehensioandproductionmodelswith
possiblyoneor two exceptionshave notbeendesignedo
handlecomplex sentencewith embeddedtructure.

Thedevelopmentof a productionmodelis particularly
importantbecausenuch of the behaioral datathat we
might hopeto explain with a connectionissystemcomes
from production. While it is often difficult to assesshe
comprehensiomabilities of children or secondlanguage
learners,their errorsin productionare much easierto
document. However, languageproductionis undoubt-
edlyintimatelytiedto comprehensioandis dependenbn
knowledgegainedrom observinghespeectof others so
we may be misguidedin training a productionsystemin
isolation. Therefore the primary aim of this projectis to
developa connectionistnodelof languagehatintegrates
thetasksof comprehensioandproductionin asingle,co-
herentframework.

Thefirst goalis largely a technicalone: to producea
modelthatcanbetrainedin reasonabléme andlearnsto
performcomprehensioandproductionwith somedegree
of proficieng. Althoughit will be trainedon simplified
subset®f English,themodelmustbe capableof handling
sentencewith embeddedlausalstructuren orderfor the
modelto be extensibleto the full language To the extent
thatit is feasible,the languageshouldinclude as mary
potentially difficult aspectf Englishas possible. Be-
causewe believe that so muchof the linguistic behaior
of humanscanbe explainedby sensitvity to the statisti-
cal propertiesof our languageswe shouldnot expecta
modelto exhibit thosesamebehaiors unlessit is trained
on a languagehatis suficiently similarto English. The
ability of a networkto masterareasonablapproximation
to Englishmayhelpto dispelthecorviction thatlanguage
could not be learnedwithout relianceon detailedinnate
constraints beyond the generalforms of constraintim-
plicit in pre-trainechetworks.

A secondarygoal of the project, assuminghe model
is able to achieve reasonableperformance,will be to
evaluateits ability to replicatethe progressiorof errors
demonstratedby first- and second-languagkearnersand
the problemsadult speakerfiave with variousaspectof
languageTwo sucharea®f investigatiorwill betherela-
tive difficulty of centerembeddedersusright-branching
structuresandthe ability of the modelto makeuseof se-
manticconstraintsn resolvingambiguou®r garden-path
sentencedModelsintroducedo a secondanguageought
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Figure 4: A simplified view of the comprehen-
sion/predictionproduction model.

to shav increasedlifficulty attainingnative-like perfor
mancewith later exposureandshouldhase moreor less
difficulty with variousstructuresasreportedn, for exam-
ple,JohnsorandNewport (1989).

Assumingthemodelcanbesuficiently validatedusing
behaioral data,an eventualgoal will beto mapthe net-
work onto the brain, explaining the possiblerole played
by eachof the brain areasknown to be involved in lan-
guage. Ideally, lesionsto the network should produce
similar deficitsto thoseproducedby damageto the cor
respondindorainregion. Traditionalcharacterizationef
theseregionstendto draw cleandistinctionsbetweenrar
easinvolvedin comprehensioandthosefor production.
Although damageto differentbrain regions hasvarying
effectson receptve andproductive tasks known aphasias
have provendifficult to fully explainwith traditionalmod-
els. Virtually all aphasiasnvolve impairmentsof both
comprehensiomand production,lending credencedo the
view that the mechanismainderlyingtheseabilities are
very muchintegrated.lt is possiblethatthis modelcould
yield a betterunderstandingf the neurobiologyof lan-
guage.

5.1 An outline of the model

The basicdesignof the modelis illustratedin Figure 4.
The simple-recurreninetwork processene word per
time-step. During comprehensionyords are presented
at the word input layer The networkis trainedto map
the word sequenceéo the messageat the messagédayer
In doing so, the gestaltlayer integrateseachword into
the sentencecontet representedby the previous actva-
tions at the messagandgestaltlayers. Thus,the gestalt
representatiowill presumablyntegratesyntacticandse-
manticinformation.
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Developing appropriaterepresentationgor complex
messagess actuallyquite a hardproblem. Althoughone
could hand-desigra representatiorthis is very difficult
without placing strict boundson the level of syntactic
complity of the language. It is also difficult to de-
sign distributedencodingswhich are more efficient than
localistrepresentationandbettersupportgeneralization.
Therefore| have studiedwaysof trainingthe networkto
developits own representationsf sentencemeaningus-
ing eithera RAAM (Pollack,1990)or queryframeavork
(St.John& McClelland,1988,1992),whicharediscussed
in Section6.

Thismodelof comprehensiopresupposethatthesys-

dictionwill bebasedustontheobseredbeginningof the
sentencandis likely to beinaccurate¢o theextentthatthe
sentenceouldbe completedn multiple ways. However,
if the messages availablein advance,eitherfully, par
tially, or noisily, prediction could theoreticallybe quite
accurate.

The main motivationfor the inclusionof predictionin
the modelis thata networkthathaslearnedto do predic-
tion in the context of aknown messagés well onits way
to production. In essencethe languageproduceris just
sayingwhatit expectsanotherspeakenf the languagdo
sayto corvey thesamemessageThiswould explain how
muchof theknowledgerequiredfor productioncanactu-

temis ableto derive the messagesf obsened sentences ally begainednotby trial anderror, duringwhichchildren

from someadditionalsourceof information. This may
be a profoundly simplifying assumptiorbut perhapsone
thatis not entirely unreasonableThereare a numberof

sourcefrom which messagesould be derived. If state-
mentspertainto a visually obsenable scene,such as,
“Look at the dog chasethe cat; the child could derive
the meaningf thosesentencefrom context. The child

maynotbeableto predicttheentireutterancen adwance,
but given the context and a vaguenotion of the words,
the child couldinduceoneor two plausiblemessagesif

the child fails to understanch 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 teachtheir child languagéut to communicatavith

the child (Newportetal., 1977),it will be quitecommon
for the parentto usegesturerepetition,andrephrasingo

help the child obtainthe correctmessagePinker(1990)
hasamguedthatit may be a reasonabldirst idealization
to assumdhat messagesare availableto the learner At

issue,perhapsijs how accuraténducedmeaninganbe
andwhenthey becomeavailablein the courseof hearing
theutterance.

recevelittle feedbackbut by observinghe speeclof oth-
ers. However, it may be that production,beyond simply
themotoraspectsis alsorefinedthroughself-monitoring.

Theproposednodelwill begiventhemessagé should
convey atthestartof production.Two waysof presenting
themessagarediscussedater Thenetworkwill thentry
to predictthefirst word of thesentenceThiswill produce
a probability distribution at the predictionlayer, although
hopefully onethatis heaily weightedon a singleword.
A word will beselectedrom thatdistribution andeffec-
tively producedThatwordwill thenbefedto thenetwork
asinput andthe networkwill beaskedo predictthe next
word. As the networklistensto itself, it will be deriving
a representatiomt the messagdevel just asin compre-
hension.Thedifferencebetweertheintendedandderived
messagewill producean error signalthat canbe back-
propagatedhroughthe network and through the word-
selectiormechanisnoperatingon the predictionlayeron
theprevioustime-step.Thus,the networkcanlearnto re-
fineits productionspr evenlearnproductioncompletely
by self-monitoring.An importantparametepf themodel
will be the extent to which it learnsproductionthrough

Thecurrentmodelmakegheassumptiothatmessages actualpracticeor implicitly duringcomprehension.

are availableto provide error feedbackthroughoutcom-
prehensionlt is nota big stepto supposehatthesemes-
sagesrealsoableto help guidecomprehensionvarious
versionsof the modelmay assumehat either whole or
partialmessageareavailableasinput. Thesenputsmay
be noisy or only availablerarely andit is likely that ma-
nipulatingthis parametewill hase a majorinfluenceon
thebehaior of the networkasit develops.

While performing comprehensionthe network will
alsobe trainedto predictthe next word in the sentence.
Althoughthis may causenterferenceby usingresources
atthegestaltievel thatcouldotherwisesene comprehen-
sion, it is possiblethat predictionmay actuallyaid com-
prehension.Predictionrequiresthe developmentof ab-
stractstructuralrepresentationand the networkmay be
able to map theserepresentationsore or lessdirectly
onto messageslf messagés not availableasinput, pre-

The currentmodel, by design,has several potentially
importantlimitations. First of all, it doesnot go belov
thelexical level in eitherthe input or the output. Thus, it
doesnot provide anaccounif morphologicakffectsand
ignoreghephonologicakndmotorlevelsin bothcompre-
hensionandproduction.By this we do notintendto sug-
gestthatthesearemodularlyseparablérom thesentence-
level system,we have merely truncatedthe model at a
certain point for simplicity. In theory the addition of
morerefinedinput andoutputrepresentationshouldnot
bea problemandaddingthemmaybenecessaryo model
someinterestingdata.Anothersimplificationis themech-
anismfor choosingwords during production. Although
thisis currentlya symbolicprocedurghatselectsa word
basednthepredictiondistribution,thisis justasurrogate
for aninteractive proceduren which the networkwould
settleon the appropriateword or syllable representation
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andthendrive the articulatorgo producetheword.

More seriouslimitations are that the model doesnot
go beyond processingf sentencef isolationanddoes
notincorporateassociatie or propositionaknowledgeof
theworld exceptto the extent that knowledgecanbe de-
rived from the training sentences.A completesystem
should contain associatie knowledge, such as “pianos
areheary”, thatwould be availablefor explicit reference
or acceswith non-linguistc mechanismshut would still
enablethe modelto correctlyinterpretsuchsentencess,
“Yourunlike you'vegotapianoonyourback! Thisbody
of associatie knowledge might be termedthe “world
model”. The current proposalalso eliminatesknowl-
edgeof thecurrentlinguisticandphysicalsituation which
is crucial for properlyinterpretingmary aspectof lan-
guage mostnotablypronounreference This “situational
model” oughtto aid comprehensiorand to be updated
with informationgainedfrom comprehension.

Nevertheless,the currently proposedmodel already
pusheghe limits of our computationahardwareandin-
volvessufficient compleity thatit shouldsupporta num-
ber of interestingexperimentsaswell as extend our un-
derstandingf thelanguageprocessingbilities of neural
networks.

5.2 Thelanguage

Thefirstlanguageisedo developthemodelwasnotcare-
fully controlledfor the purposeof performingary partic-
ularexperiments Thegoalin designinghislanguagevas
to producea grammarcomplex enoughthatthe ability to
learnthe languagewould be indicative of the ability to
learncloserapproximationgo naturallanguage. There-
fore, several potentially difficult featureswere included,
suchasvariableverbtensesandargumentstructurespas-
sive constructionsrelative clausesandreducedrelatives,
noun-andverb-modifyingprepositionaphrasesarticles
andadjectves,singular plural,andmassounswith num-
beragreementjative shift, andsemantiglausibility con-
straints.

The basegrammarfor this languageis displayedin
Table 2. Wherea productionis followed by a number
in parenthesesthe numberis the probability that pro-
ductionis used. The probabilitiesfor unlabeledoroduc-
tions are dependenbn semanticconstraints. All sen-
tencesin this languageare statementsnd begin with a
startsymbol,>, andendwith anend-of-sentencmarker
The basicsentencestructure,S2, permitsan intransitive,
transitive, or passve main clause. The intransitive verb
phraseVP_INTRANS, caneitherbea standardrerbwith
an optional prepositionalphraseor the verb-to-befol-
lowedby apredicateadjectie. Thetransitveverbphrase,
VP_TRANS, permitseithera directobjectphrasewith an
optionalprepositionaphrasgwhich couldbe of theform

“to recipient”)or a dative recipientfollowedby the direct
object. Verbsfor which a recipientis not appropriatedo
notusethis option.

In orderto avoid recursvely embeddedelative clauses
in this simplifiedlanguagethe VP_TRANS2 verb phrase
is usedwithin relative clauses.It doesnot permitthe di-
rectobjectto be modifiedby anadditionalrelative clause
or prepositionaphrase TheVERB usedin theactive con-
structionscanhave oneof six tensesincludingthesimple
and progressie forms of past, presentandfuture. The
S.INFIN and INFIN are simple presenttenseforms of
theverbwhich may have differentsingularandplural as-
pectse.g.“runs” and“run”. VP_PASSVis apassie con-
structionwith anoptionalagent.It too canbein the past,
presentpr future.

A relative clausecaneitherbe subjectrelative, object
relative, passie, or areducedpassve whichlacksthein-
troductoryrelative pronoun. The SP and OP arereally
full nounphrasesvhich mayincludea relative clauseor
prepositionalphrase. NP is just the headof the noun
phrasewhich includesthe nounand optionalarticle and
adjectve. Theverbmaybe modifiedby anadwerbor one
of five prepositionalphrasesdescribingmanney instru-
ment, recipient,destinationpr location. The only noun-
modifying prepositionalphraseat the momentdescribes
possessionHowever, this doespermit the language,n
theory to producesuchattachmenambiguitiesas,“The
boy saw thegirl with binoculars.

On top of this basearea numberof lexical constraints
which caneliminatecertainsentencesr modify the fre-
gueng of others. Nounsconstraintheir articles, adjec-
tives, and possessionsand agentsconstraintheir verbs
and patients. Verbs constraina numberof other con-
stituentsand structuresncluding their patients,adwerbs,
recipients,and other elementsin prepositionalphrases.
All of theseconstraintsensurethat the languageonly
producessentenceghat syntactically and semantically
are plausibly English. They wereincorporatednto the
contet-free baseof the languageusingthe Simple Lan-
guageGenerator(Rohde,1999b), which is then able to
produceor analyzesentenceffom thelanguage.

The initial vocalulary usedin theseexperimentsis
rathersmall, with 12 noun stems,12 verb stems,6 ad-
jectives,and6 adwerbs.Includingthe functionwordsand
morphologicalvariants,the languageuses111 different
words. However, it is likely thatthe networkswill have
lesstroublewith anexpanded/ocalulary thanwith anex-
pandedyrammar

The following are someexamplesof sentencegener
atedby thelanguage:

> anapplewill bestolenby thedog.
> meancopsgive Johnthedogthatwaseatingsomefood
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Table2: Thecontet-freebasefor thegrammarsedin thefollowing experiments.

SPVP_INTRANS (0.3)| SPVP_TRANS (0.5)] OPVP_PASSV(0.2)

THAT NPVERB (0.15)] THAT VP_PASSV (0.2)| PASSIVE by NP (0.1)

S - > 82.
S2 —
VP_INTRANS — VERBV_PREP(0.8)|] ISADJ(0.2)
VP_TRANS — VERBOPV_PREP(0.7)] VERB RECPOP(0.3)
VP_TRANS2 — VERBNPV_PREP(0.7)] VERB RECPNP (0.3)
VP_PASSV — P.VERBV_PREP(0.5)| P_-VERBV_PREPby NP (0.5)
VERB — PAST| WASPRESPART | S.INFIN | INFIN |
IS PRESPART | will INFIN | will bePRESPART
P_VERB — WASPASSIVE]| IS beingPASSIVE| will bePASSIVE
RC —  THAT VP_INTRANS (0.25)] THAT VP_TRANS2(0.3)
SP| OP — NP(0.7)] NPRC(0.2)] NPN_PREP(0.1)
INSTR| RECP|
DEST| LOC|
NP — ARTN (0.6)] ART ADJN (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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Thisincluded37,477uniquesentencesA testingsetof
5,000sentencewasgeneratedn the samemannerasthe
training set,comprising4,475differentsentences3,452
(77%) of which did not appearin the training set. Be-
causeof difficulties someof the semanticencodingnet-
workshave hadwith thefull languagewe alsogenerated
corporacomposedf sentencesestrictedto at most 10
wordsin length, eliminating28% of the sentencesThe
training setfor the simpleversionhas31,210uniquesen-
tencesand the testingset 4,164, 2,699 (65%) of which

Figure5: A histogramof sentencéengthsin thetraining

language.

5 10

Words Per Sentence

> boyswill give catssomeapples.

> thecatwith apictureis beingtakenby adog.

> acopwasgiving theboysa picture.
> catsarechasinghe meanboyin ahouse
> theboydrove.

> Johnwho s beingchasedy thefastcarsis stealingan

applewhichwashadwith pleasure

% did not appeatn thetrainingset. This simplecorpuswas

usedfor the comprehensioand productionexperiments
reportechere.

A few of the potentiallyimportantfeaturesof English
that are not includedin the currentgrammarare ques-
tions,imperatives,pronounscompoundsentencesnodal
verbs, idiomatic constructions,and various phraseand
clausetypesincluding gerundphrasedq* Using foul lan-
guageis bad”), infinitive phraseg"l have a boneto pick

The averagesentencdengthis 8.9 words, including
startandend symbols. A histogramof sentencdengths
is shavn in Figure5. Networksweretrainedon a fixed
set of 50,000 sentencegyeneratedirom the language.

with you’), andsententiatomplementg‘l know thatshe
is leaving). However, oncea reasonabl@etworkarchi-
tectureis in place,it will be arelatively simplematterto
expandthelanguager adaptit to aparticularexperiment.
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6 Encoding M essages

Comprehensionas viewed in the currentmodel, is the
taskof mappinga seriesof wordsto a staticrepresenta-
tion of the messageOf crucialimportancethen,is how
messageareto beencodedOneapproachmightbeto at-
temptto hand-coda representatiortowever, thiswould
be quite difficult without usingvery large andredundant
structures.Anotherapproachs to train a networkto de-
velopits own representationsf sentencestructure. The
ability of the networkto take advantageof redundang
shouldresultin more compactencodings.| expectthat
learnedrepresentationwill be moresimilar to thosethat
underlielanguagen the brainandwill thuscontrituteto
thepredictive power of themodel.

The notion of the meaningof a sentencepr message,
usedhereis basedon what one might considerits se-
mantic parsetree Although this is a recursvely com-
posedstructure,it shouldnot be confusedwith the syn-
tactic parsetree. The semantigarsetreeis not basedon
thewordsof the sentencéut the constituentonceptand
their relationships. A messagéiasa single representa-
tion regardlessof the languagen which it is expressed.
Figure6 illustratesa syntacticparsetreefor the sentence,
“The dogsthat were chasinga car chasedhe boy with
somefastcarsin abig hous€, andFigure?7 illustratesits
semantidree.

Thesemantidree,asdefinedhere,is aternarytree. In
otherwords,eachnon-terminahasexactly 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 representshe concept
of multiple cars. The definitenespropertyof the carsis
not specifiedand,in thislanguagethatwill translatento
“somecars”. The right child of the non-terminalis the
property“fast”. Therefore,this non-terminalrepresents
the conceptof “some fastcars”. The I-M non-terminal
representshe conceptof a particularboy who owns the
fastcars.Thus,this portionof thetreemightbetranslated
as,"the boywith somefastcars”.

For the purpose®f constructinghe semantidree,we
treatatransitve verbasarelationshipbetweerthesubject
andthe object. For example,non-terminalF-H indicates
that the dogswere chasinga car The past and extend
featureoof theactionindicatethatit is in pastprogressie
tense However, becausd¢hethat featureof theactionhas
beenactivatedin this case,it indicatesthatthe actionis
a subordinateone, andis expressedn a relative clause.
Thereforethis portion of thetreecanbetranslatecasthe
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 terminal B, which
representshe actionassociatedvith the verb “chased”.
This sub-tree then, itself senes as an action or a verb
phrase Theheadof theentiretreewill alwaysbethesub-
ject, which is terminal G, representingthe dogs”in this
case.

One importantconsiderationn the designof the se-
mantic parsetree is how passve constructionsareto be
representedlherearetwo possibleinterpretationgor the
actionrelationship.We could eitherthink of therebeing
an(action, agent patienf triple or an(action, subject ob-
ject) triple. In thecaseof anactive sentencesuchas“The
boy chasedhedog”, theseyield the sameresult: (chased,
boy, dog). However, the passie sentence;The dogwas
chaseddy the boy”, could eitherbe representeds (was
chased boy, dog) or (waschaseddog, boy). Thereis
goodreasorto preferthe former, which follows the rule
(action, agent patieny. In this case the semantiaepre-
sentation®f sentencesuchas“The boy chasedhedog”
and“The dog was chasedy the boy” differ only mini-
mally. However, usingthat encodingwould violate the
rulethattheheadof thesub-treealwaysfalls atthebottom
of the middle path. For example,the phrase‘dogs who
were chasedby boys” would be encodedas (who were
chased boys, dogs)and the headof this phrase,dogs,
wouldberelegatedto theright-handposition.

Therefore the subjector focusof arelationshipis cur
rently placedin the middle position. In an active con-
struction theagentakesthemiddle positionandin a pas-
sive constructionthe agentfills the right-handposition.
This may needto be reconsideredvhen we attemptto
modelhumandataon the processingf passies. How-
ever, it is interestingo notethatRAAM networks which
will bediscussedh Section6.1,appeato besignificantly
moresuccessfuhtlearningto compresshesemantidrees
whenthe subject,ratherthanthe agent,is alwaysplaced
in the middle position.

A major limitation of the currentsemantictree rep-
resentationis that it hasonly beendesignedto encode
declaratve sentenced-dowever, questionandcommands
will be of critical importancein modeling early devel-
opmentasthey constitutethe majority of utterancesad-
dressedo children,accordingto the CHILDES database
(MacWhinng, 1999). Thereare seseral waysin which
these could be handled. Wh-questionsmight be en-
codedusing a similar representatiorio the correspond-
ing statementbut with a specialcode in place of the
missingconstituent. For example,if, “Newt chasedhe
dog; is encodedwith the relation (chased Newt, dog),
then,"What did Newt chase?,mightbeencodedchased,
Newt, ?). The representatiomf the verb might alsobe
alteredslightly in this case.Imperatve commandsould
berepresentety explicitly placinga“you” in thesubject
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Figure 8: A very simple RAAM network for encoding
ternarytrees.

slot and marking the verb representationlt shouldalso
be relatively easyto extend the semantictreeto encode
conjunction disjunction,subordinationandtemporalor-

deringof propositions.

The semantictreesof sentencesn the training cor
pusaverage5 terminalsand2 non-terminalsThelargest
treeshave 17 terminalsand8 non-terminals.In the sim-
ple versionof thelanguagewhich limits sentenceto 10
words,treesaveraged.1terminalsandl.6 non-terminals,
thelargestwith 11 terminalsand5 non-terminals.

6.1 Recursive auto-associative memories

The semanticparsetree representsa messageusing a
variable-sizestructurebut for the purpose®f comprehen-
sionwe would like a staticrepresentatiothatusesa vec-
tor of fixeddimension.To accomplishthis, networkswill
betrainedto compressheinformationin thesemantidree
in suchaway thattheinformationcanbelaterdecoded.
Oneolviouscandidaterchitecturdor theencodemnet-
work is a recursve auto-associate memoryor RAAM
(Pollack,1990). Thesenetworksarespecificallydesigned
for compressingand decompressingree structures. A
simpleversionof aRAAM is illustratedin Figure8. The
networkhas? basicallyequal-sizedyroups.Thethreein-
put groupsprojectto a singlehiddenlayerwhich projects
to threeoutputgroups.The networkis trainedasanauto-
encoderit learnsto producethe samerepresentationsn
the output groupsas are presentecn the input groups.
However, becausehe activation must feed through the

(¢X¢X¢>
w ) w ) w )
N i

300

?
S (e

Figure9: TheRAAM networkactuallyusedn thecurrent
work.

150 150

clampingthe third input groupto the compressedepre-
sentatiorof C-E. Onceeachsub-trees processedh this
way, the hiddenlayerwill containa singlerepresentation
of theentiremessagelf thecompressionmvassuccessful,
the networkshouldthenbe ableto expandthis represen-
tation into encodingsof the three sub-treesand eachof
thoserecursvely until the entiretreeis reconstructedin
orderto know whento stopthe recursve decodinga bit
is addedto the input and outputunitsindicatingwhether
the representatiotis of a terminalor a non-terminaland
only non-terminalsarerecursvely expanded.

In practice,the performanceof RAAMs can be im-
proved by addinghiddenlayersto allow non-linearmap-
pings betweenthe input and bottle-neckand the bottle-
neckandoutputlayers.n orderto learnthetraininglan-
guage the architectureshavn in Figure9 wasused. Al-
thoughthe representationsf terminalnodesonly use70
bits, the input, bottle-neck,and outputlayerseachhave
150units,theextraspacebeingusedior encoding®f non-
terminals.

Unitsin the networkusedlogistic outputfunctionsand
cross-entropyerror wasappliedon the outputs. A tamget
radiusof 0.1 wasusedonterminalrepresentation®s help
the networkfocuson thebits thatweretruly wrong. This
makesthe effective targets0.1 or 0.9 ratherthan 0.0 or

singlehiddenlayer, the networkmustform acompressed 1.0 but doesnot penalizethe networkfor exceedingthe

representatioof the inputsat the hiddenlayer
TheRAAM canbeusedio encodeentiretreesby recur
sively compressingeachsub-treefrom the bottomup. In
encodinghetreefrom Figure7, the networkbegins with
the C-E sub-tree. Therepresentationsf terminalsC, D,
and E are clampedon the input groupsandthe network
attemptdgo reproducdheserepresentationsn the output
groups. In doing so, the hiddenlayer encodeghe entire
sub-tree.Thenthe networkcanencodethe A-E sub-tree
by clampingthe first two input groupsto A andB and

targets. Weightswere randomlyinitialized in the range
+0.3. Weightupdatesvereperformedavery 10 sentences
usingboundednomentunwith amomentunof 0.95.The
learningratewasO0.1initially andwasscaleddown by 0.9
every 10,000updates. The networkwas trainedfor 40
passeshroughthetrainingcorpusor 2 million sentences.
Onthelast10,000sentencethelearningratewasdropped
t0 0.001.

The RAAM network was ultimately quite successful
at encodingand decodingthe sentencesn the testing
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set. The structureof the decodedreeswas nearly per
fect. Of the 10,067non-terminaldn the corpus,the de-
codedtreesincorrectlylabeledonly 3 of themterminals.
Of the 25,134terminals,4 wereincorrectlylabelednon-
terminals,2 of which occurredon a singlevery difficult
sentence A terminalrepresentationvasconsideredcor
rectif the activationsof eachof the 151 unitswason the
correctside of 0.5. The RAAM reproducedhe correct
terminalrepresentationfor 97.6%of theterminalsaner
ror rateof 2.4%.In termsof individualoutputunits,thatis
anerrorrateof just0.025%.Giventhatnearly70%of the
testingsentencesvere novel, this indicatesa remarkable
ability to generalize.

Whentestedon thesimplecorpuswhichonly includes
sentenceswith 10 words or fewer, the network made
no structuralerrorsin reproducingthe treesandgot just
0.28%of the terminalswrong. Therefore,as one might
expect, nearlyall errorsare madeon the long, complex
sentences.Although the errors have not beenformally
analyzed,it appearsthat, when the network makesan
error in a terminal representationit tendsto eitherflip
the value of a single bit or replacethe correctbit with
a semanticallysimilar one, suchasturning a boy into a
girl. Also, whentestednthelargelanguagethe network
appeargo have major breakdavns with the longestsen-
tencesRatherthandegradinggraduallyassentenceom-
plexity increaseshenetworkappearso eitherdecoddahe
treeperfectlyor makea hostof errors. This may be sim-
ilar to the breakdevn thathumansobsenre in attempting
to parsesentencethatgo beyondour capabilities.

6.2 Query networks

semantidriples which capturethe relationshipsetween
the main constituents.Eachnon-terminalsymbolis as-
sociatedwith a singletriple. The triple is composeddf

the headconstituent®f eachof the threechildrenof the

non-terminal.For example,thetriple associateavith the

rootnode,A-M, of thetreein Figure7 wouldbe (B, G, J)

or (B:chased(:dogs J:boy).Whereagachnon-terminal
definesa relationshipbetweenthreesub-treesthe triple

associatedvith that non-terminalis the relationshipbe-
tweenthe head=f thethreesub-treesBecausehe exam-
ple treehassix non-terminalsit 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 remembethese
triplesandtherepresentationsedto do sowill beconsid-
eredthe messageOnemethodto accomplishthis would
be to train a networkto storethe triples, one at a time,
in sucha way that they could later be producedin the
sameorderin which they were stored. However, such
taskstendto beratherdifficult for networksto learn.Be-
causehe networkmustremembeinot just the triples but
theproperorderof thetriples,thenetwork'sability to take
full advantageof redundaninformationto developanice,
compressetepresentatioof thefull sentencevill behin-
dered.

A bettersolution,referredto hereasa querynetwork
is borroved from St. Johnand McClelland (1988). The
guerynetworkis trainedto storethetriplesin suchaway

Despitethe evident power of the RAAM, we suspected thatit can,in effect, answerqueriesaboutthosetriples.

that the semanticencodingst producesmay not be ap-
propriateto sere astargetsfor comprehensionBecause
the RAAM encodes sentenceaecursvely, the relation-
ship betweena deepterminal and the final result may
be rathercomple, the information having beenpassed
throughmultiple non-linearmappings.Thus,the RAAM
tendsto producegordian encodingswhich do not have
clearrelationshipgo thesurfaceelementof thesemantic
tree. Additionally, the RAAM processs arguablya sym-
bolic one, requiring representationand structurego be
storedin memoryand manipulatedatherlike variables.
Thus,a moreappropriateencodingfrom a connectionist
perspectie might be onethatdoesnot explicitly attempt
to storethe structureof the semantictree, but just the
importantrelationshipswithin the tree. As McClelland,
St. John,andTaraban(1989)suggest;representationsf
sentencearenotrequiredto exhibit a specificallypropo-
sitionalformatsolong asthey canbeusedto performthe
taskswerequire” (p. 296).

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

The networkis queriedby probingit with a triple which
hasoneof its threeconstituentsemaved. Whentheprobe
is presentedo the networkon a specialsetof inputs,the
networkrespondsy producingthe completetriple with
the missinginformationfilled in. The architectureof the
guerynetworkusedin thiswork is shavn in Figure10.
The network is basicallya simple-recurrennetwork
andall unitsuselogistic transferfunctions. During train-
ing, triples are presentedo the networkoneat a time at
the main input layers. A representatiomf the semantic
informationsofar builds up atthe“message’layer. After
eachtriple is presentedtheactiationsof unitsatthemes-
sagelayerarefrozenandthe networkis probedaboutits
knowledgeof eachof theconstituentin eachof thetriples
presentedofar. Whena constituents probedtheactiva-
tionsof the“queryinput” groupcorrespondingp thecon-
stituentaresetto 0.5 andthe activationson the othertwo
gueryinputgroupsareclampedo theappropriatgatterns
for the othertwo constituentf the triple. The network
is thentrainedto fill in themissingconstituentproducing
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Figure10: Thequerynetworkusedin the currentwork.
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the completesetof patternson the queryoutputgroups.
Theremay be timeswhenthereare morethan one pos-
sible answerto a query For example,given the triples
(property dog, red) and (property cat, red), how should
the networkrespondo the query(property ?, red)? Cur-

rently, we identify suchambiguousquerieswhile testing
thenetworkanddo not penalizéts responsen theoutput
unitsthatdiffer in thevariousanswers.

To train the networkon a semantidreeinvolving four
triples, threeconstituentsvould be probedafter the first
triple is presentedsix afterthe next triple, andthennine
andtwelve, for atotal of 30 queries.Becauseghe number
of querieggrows quadraticallywith the numberof triples,
comple sentencegan take quite long to train. Thus,
a straight-forwardmplementatiornof the query network
is ratherslow, takingfour timeslongerthanthe RAAM.
However, a basicimplementatiorinvolvesa considerable
amountof redundantomputation Whenqueryinga par
ticular messagethe contritution of the messageroupto
the input of the “query hidden” group doesnot change.
Therefore,that projection could be traversedonce and
the resultsstored. Likewise, the queryinput groupsfre-
guentlyrepeathe samepatternsandtheir contributionto
the input of the query hiddenlayer neednot be recom-
puted. Therecanbe significanttime savingsin the back-
ward passaswell. If a particularqueryinput group has
thesamerepresentatioon five time stepsthe derivatives
of the errorwith respecto the queryhiddengroupinputs
for thosetime stepscanbe summedandonly backpropa-
gatedonce. With all of theseoptimizationsin place,the
guerynetworkcanbetrainedasquickly asthe RAAM.

The encoderhalf of the network was trained with a
modifiedversionof backpropagation-througtimewhich
propagatecerror backthroughthe recurrentconnections
in the messagegroup to the two previous input events.
This helpsthe networkform representationat the mes-
sagdevel thatwill beextensiblewhennew triplesarepre-

sented.Like the RAAM, the querynetworkwastrained
on 40 passegshroughthe training corpusfor atotal of 2
million sentencesWeightupdatesvereperformedevery
10 sentencesising boundedmomentumdescentwith a
momentunof 0.95. Crossentropyerrorwasusedwith a
targetradiusof 0.1. Thelearningratebeganat0.1andwas
reducedby 10% every 100,000sentenceandthencut to
0.001for thelast100,000sentences.

The query network was ultimately not as successful
asthe RAAM but still achiered reasonablygood perfor
mance. The network was able to correctly respondto
91.9%of the querieson thetestingsetfor anerror rateof
8.1%. Thatis countingonly the constituentsvhich were
not provided in the queryinput. Overall, only 2.8% of
constituent®iaderrors.Theerrorrateon themissingcon-
stituentsin termsof unitswas0.23%. Whenthe network
doesmakea mistakeon a constituent,jt tendsto getan
averageof about2 bits incorrect.However, mostof these
errorsdo occur on the more difficult sentences.When
testedon the setof simplersentencesvith 10 words or
fewer, the networkhadan errorrate on the missingcon-
stituentsof just 1.0%,ratherthan8.1%.

Thus,althoughthequerynetworkcouldstandsomem-
provement,which may comeaboutwith larger networks
and bettertraining methods,it is reasonablycapableof
encodinghesentenceand,aswe’ll see providesabetter
basisfor learningcomprehensiothanthe RAAM. One
dravbackof the querymethod,however, is thatthe mes-
sagerepresentatiocan be ambiguous.For example,the
sentences;The red cat chasedthe cat; and“The cat
chasedthe red cat; would both be representedy the
triples(chasedcat, cat)and(property cat,red). It is pos-
sibleto augmentherepresentationsf constituentdased
ontheirpositionin thesemantidreeto eliminateambigu-
ity, but that hasnot beendonein the currentsimulations
becauseambiguity is relatively rare and shouldbecome
even lessof a problemasthe vocahulary of the training
languagencreases.

A moreseriousproblemwith the querymethodis that
it is not possibleto fully analyzethe network’s message
representationAlthoughthe networkmay be ableto an-
swerthe queriescorrectly it maymistakenlyfabricatein-
formationaboutthesentencéhatis simply never queried.
Thus,we mightaskwhatthe appropriateesponseshould
beif thenetworkis queriedwith two constituentshatare
notdrawvn from triplesin the semantidree. For example,
giventhesentence;The boychasedhedog; how should
thenetworkrespondvhenaskedhecolor of thecat?The
RAAM doesnot suffer from this problembecausewhen
the semantictree is decodedwe discover all of the in-
formationin thatrepresentationShortof ignoringit, one
solutionto this problemmight be to train the networkto
respondwith an“invalid query” signalwhenabadquery
is presentedHowever, thiswould greatlyexpandtraining
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time andwould still makeanalyzingthe network’srepre-
sentationsatherdifficult.

Another solution might be to changethe querying
mechanisnto onethatactuallyforcesthenetworkto form
a representatiof the semantictree but onethatis less
opaquethan the RAAM encodings. For example, one
might query the network with an encodingof a pathin
thetreeandhave the networkidentify thenodeatthebot-
tom of thatpathaseitheraterminalor anon-terminabnd
provide its representatiorin the caseof a terminal, but
this could be ratherdifficult for the networkto learn. A
bettersolutionmay be a combinationof the RAAM and
a querynetwork. This would takethe form of a RAAM
thatis forcedto answerqueriesaboutthetriples storedin
eachof its sub-treesThis would have all the advantages
anddisadwantagesftheRAAM butwould hopefullypro-

duceencodingghat arebettersuitedfor comprehension.

Althoughit hasbeenimplementedthequery-RAAM has
yetto befully trainedor tested.

7 Comprehension and Prediction

The primary goal of the comprehensiometwork is to
takeasinput the sequencef wordsin the sentenceand
produceas outputthe messagencodedusing eitherthe
RAAM or querynetwork. Simultaneouslythe network
may be trainedto predictthe next word. In orderto sim-
plify the model,we makethe assumptiorthatthe correct
messagés availableto the learnerin the form of atarget
while the sentencés beingobseredandthattheserepre-
sentationsare fully developedat the startof training. In
reality, however, our ability to representomple ideasis
developing at the sametime as—andis partially driven
by—languagerocessing.

It might be more reasonableto assumethat task-
relevant feedback,similar to the error signalsproduced
by probesin the query network, directly influencessen-
tenceprocessing(as suggestedn Allen, 1987; Elman,
1990; Miikkulainen & Dyer, 1991; St. John& McClel-
land, 1990; St. John,1992a),as opposedo usinga vis-
ible semanticrepresentatiomf the sentence. However,
| found in preliminary teststhat only relying on direct
probingof the messagén a comprehensiometworkwas
time consumingand not particularly effective. It is also
harderto introducecontet information during compre-
hensionand, especially production. Anotheradwantage
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Figure11: Thebasiccomprehension/predictiaretwork.

networkusedin theseexperimentds shovn in Figurell.

7.1 Comprehension with RAAM encodings

This networkwasfirst trainedwith the RAAM message
encodingwithout usingthe predictionportion of the net-
work. Theword hiddenlayer contained?0 unitsandthe
gestaltlayer 200 units. Initial weightsweredravn from
therange+0.3 exceptfor thoseof links projectingto the
first small hiddenlayer, which werein the range+2.0.
The networkwastrainedfor 20 passeshrougha corpus
of 50,000sentencesOnly sentencesvith fewer than11
words were usedin training and testing due to the ex-
pecteddifficulty of thetask. Thetestingsetconsistedf
5,000sentencesasreportedin Section5.2. Weight up-
dateswere performedwith boundedmomentumdescent
with a momentumof 0.9 and a learningrate of 0.2 an-
nealedto 0.04 over the courseof trainingandreducedo
0.001for thelastpassthroughthe corpus.

The network was rather successfuin inducing mes-
sagesthat capturethe structureof the correctsemantic
treesof the testingsentencesDuring the decodingpro-
cess38 of the20,528terminals(0.19%)wereincorrectly
labeledasnon-terminals.58 of the 7,764non-terminals
(0.74%)wereincorrectlylabeledterminals. However, of
the 20,316 terminals producedduring decoding, 3,905
(19.2%)had mistakeson at leastone unit. Althoughthe
errorrateperunit wasonly 0.29%,this wasstill too high

of usingvisible, albeit trained, semanticrepresentations to be considere&dequateomprehension.

is thatthesamerepresentationsouldbeusedfor multiple
languagesgreatinga bilingual networkcapableof trans-
lation. Therefore,in the experimentsreportedhere, the
pre-learnedsemanticencodingswere usedas the targets
for comprehension.

It is likely thatthe problemwith theRAAM encodings
is two-fold. Thefirstis thatthe encodingsarenot particu-
larly binary; relying heavily onthe sensitve middlerange
of activationvalues.Becauset is difficult for thecompre-
hensionnetworkto reproducahesevaluesexactly, there

Thebasicarchitecturef the comprehension/predictionis slight error in the initial representatiomvhich is mag-
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nified during decoding. This is a well-known problem
with RAAM representationsThereare several possible
solutions,oneof whichis to addatermto theerrormea-
surethatencouragetheRAAM hiddenunitsto usevalues
closeto O or 1. Overtimethiswill leadto binaryrepresen-
tationsandcanleadto betterperformanceivensufiicient
hiddenunits. However, this cansubstantiallydegradeper
formanceif therearenot enoughhiddenunits,asappears
to have beenthe casewhenthis techniquevasappliedto
encodingthe traininglanguage Neverthelessthe second
problemwith RAAMs may be more fundamental. Be-
causehe encodingsareproducedby arecursve process,
they tendto be complex. Thus,thereis unlikely to be a
simplemappingbetweerconstituent®f the sentencand
principle componentf the messageepresentatiorex-
ceptfor thesimplestsentencesThis maybealleviatedby
thecombinedRAAM andquerynetworkdiscussedbove,
but thisremaingto be seen.

7.2 Comprehension and prediction with
query encodings

In the next experiment,a comprehensiometwork was
trained using the messageencodingsproducedby the
guerynetwork. The architecturavasthe sameasbefore,
althoughthe messageepresentatiocomprisedL60 units
ratherthanthe 150 for the RAAM encoding. The train-
ing methodswerethe sameasbefore. The networkwas
testedon its ability to respondo eachprobebasedn the
messageepresentatioproducedduring comprehension.
It wasmuchmoresuccessfulhantheRAAM comprehen-
der, filling in the correctrepresentatioon all but 704 of
the23,292probesonthetestingcorpus(3.0%error). This
is approachinghe lower limit of 1.0%errorin the abil-
ity of the querynetworkto encodeanddecodemessages.
Whentestingon 5,000sentencedravn from thetraining
set,theerrorrateonly droppedrom 3.0%to 2.6%. Thus,
the networkwasjust 15%worseon the mostly novel test-
ing set, indicating a high degree of generalization.On
average eachincorrectresponsdiad1.9 bits wrong. The
majority of the errorsinvolved eitherfailing to activate
oneof the unitsin the output, or swappingtwo mutually
exclusive bits, suchasreportingan actionasextendedin
durationratherthaninstantaneous.

The networksdescribedhusfar weretrainedonly on
comprehensiomvithout prediction. The remainingnet-
worksweretrained,as eachword waspresentedto pro-
duceboth the completemessageand a predictionof the
next word in the sentence. Although the messageut-
put layer usedlogistic unitswith cross-entroperror, the
predictionoutputgroupuseda soft-maxconstrainfLuce,
1986)with thedivergencesrrormeasureAgain,thesame
training methodswere usedasfor the RAAM andquery
comprehendeAlthoughpredictiondid notappeato help

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

7.3 Center-embedded versusright-
branching sentences

It is interestingto examinethe extent to which the net-
work’s difficulty comprehendingertainsentencdorms
matcheghat of humansubjects. The network’s perfor
mancewas evaluatedon corporaof sentencesnvolv-
ing a singlerelative clausemodifying either the subject
(centerembeddedpr object(right-branching).Therela-
tive clauseswere eitherall subject-relatie (“that chased
dogs”), all object-relatve (“that dogs chased”),or all
passie (“that was chasedby dogs]’). The error rates
on thesesix classef sentencess shovn in Table7.3.
Like humans,the network has a significant preference
for subject-relatie sentencesnd a preferencefor pas-
sive embedding®ver object-relatves. Although deeper
factorsmay play arole, theseresultscouldreflecta pure
frequeng effect.

However, the network also shavs a strong prefer
encefor centerembeddingsin which the subjectof the
sentencas modified, over right-branchingsentencesin
which the directobjectis modified. This canpartially be
attributedto a frequeng effect. Becauseghe nounmod-
ified by a centerembeddings the agentof the sentence,
it tendsto be a moretypical agentandthushasa higher
probability of having a subject-relatie. Becausehe di-
rectobjectis ofteninanimatejt is lesslikely to be modi-
fied by a subject-relatie. Thereforemuchof the advan-
tagefor centerembeddinggouldbe dueto a greatermpro-
portion of subject-relatiesaswell asa greaterfrequeng
overall. However, thenetworkalsoshavs a preferencéor
centerembeddegbassiesandobject-relatvesover right-
branchingpassiesdespitelower frequeng. This maybe
dueto the fact that passies and object-relatves are ac-
tually encodedmorelike active sentenceé the current
semantidreewith thesubjectratherthantheagenffilling
the centerposition. This could causea biasagainstright-
branchingsentencebecaus¢he modifiednounsenesas
theobjectof oneclauseandthesubjectof theother which
may be confusing.

Although we should not put much stock in these
results since the network was not trained on a well-
controlledlanguagethey do raisesomeinterestingques-
tions. Shouldwe believe the corventionalwisdom that
centerembeddingsare really harder? The traditional
story is that centerembeddingsare difficult becausen-
formation must be rememberedacrossthe embedding
(Weckerly& Elman,1992). While thatis true of a pre-
diction network, which hasthe luxury of discardingun-
needednformation,thatis nottruein comprehensionn
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Table3: Frequeng (per100,000)andcomprehensiorrrorson single-embeddingentences.

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

Subject-reflative 1130  8.0% 750 133% 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 159% 2930 13.1%
compreh_ensmnall useful information must be remem- EXPECTED MESSAGE
bereduntil the end of the sentence.A right embedding MEANING

160 160

is potentially moredifficult becausehe systemmustre-
memberthe entire sentenceratherthanjust the subject,
acrossthe embedding.While this may not posea prob-
lem for symbolic models,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
demonstratedh an experimentalcontext.” (p. 101) His-
torically, experimentdealingwith the centerversusright
distinctionseemto have confoundedt with the subject-
versusobject-relatve distinction (Blaubegs & Braine,
1974; Weckerly& Elman,1992) andwhethera relative
pronounis used. This is partially a necessitysincemul-
tiply nesteccenterembeddingsnustbe object-relatve in
English. However, thetwo could be separatedh the case
of single embeddingsasin my preliminary experiment.
Tellingly, Blaubegs and Braine (1974) found no signif-
icant differencein the difficulty of single object-relatve
centerembeddingsand single subject-relatie right em-
beddingsperhapsndicatingthatthe objectdisadwantage
is balancedy a centeradwvantage.

In ary case this appeardo be an areaworth studying
in greaterdepth. In particular | planto performananal-
ysisof the frequencie®f variousembeddedtructuresn
spokenEnglish. Thesedatawill thenbe usedto designa
more realisticlanguageon which to train the model. At
that point, we could verify the models predictionswith
a more carefully controlledstudy of humancomprehen-
sionabilities. Question®of particularinterestwill be how
much of humanperformancecan be explained by fre-
queny effects, centerversusright embeddingssubject
versusobjectrelatives, markedversusreducedrelatives,
and semanticplausibility. This shouldsene bothto ex-
tendourunderstandingf humanlanguagebilitiesandas
animportantvalidationof themodel. As is oftenthecase
in modeling,whenwe setoutto analyzea modelwe dis-
cover that our understandingf the humanperformance
againstwhichit will bejudgedis inadequate.

A
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Figure12: A comprehension/predictiaretworkusingan
external“expectedmessagegroup.

7.4 Context

Giventhat we have madethe assumptiorthattarmgetsfor
training comprehensioare availablethroughouthe pre-
sentatiorof the sentenceit is not a majorstepto assume
thatthosetargetsare availableasactivationsto influence
comprehensiorand prediction. In essencewe hypoth-
esizethat the listenerhas a good idea of what will be
said and the comprehensiomand predictionsystemscan
usethis informationto refinetheir behaior. It would not
necessarilypereasonabléo assumehatthis contet is al-
wayspresentndprecise but we would like to beableto
providethe networkwith partially reliable,possiblynoisy
contet.

Thereare several waysin which the semanticcontext
couldbe presentedo the network. Onemethodis shavn
in Figure12. In this case,semanticcontet, or the “ex-
pectedmessage”residesin a separaténput group that
hasa standardprojectionto the gestaltlayer In order
to equatethe numberof links with the other networks,
the projectionfrom the messagelown to the gestaltayer
wasremoved. Clearly we would not alwayswantto give
thenetworkthe completemessagé adwanceor it would
learnto ignore the wordsand simply copy the expected
messageo the derived message.However, if we only

31



Rohde

A ConnectionisModel of Sentenc&omprehensioandProduction

EXPECTED
MEANING

j>[ MESSAGE ]
160

WEAK i
CLAMP

[ GESTALT
240

.

\
<PREDICTION> CWORD INPUT)
111 111 2

Figure 13: A comprehension/predictionetwork intro-
ducingexpectedmessagby weak-clampinghe message
layer

provide the messagen sometrials the network should
learnto rely primarily on the actualwords. One adwan-
tageof this methodof introducingexpectedmessagess
thatthe network canbe given partial messagesFor ex-
ample,we might only load someof the semantidriples

tain percentagef the way towardsthe tamgets. Thus, if

theoriginal outputof theunit were0.5andthetamgetwere
1.0,aweak-clampwith a strengthof 0.4would causehe
resultingoutputto be 0.7—it hasmoved 40% of the dis-
tanceto thetamet. We alsohave the optionof initializing

themessagéayerto all 0.5s, to theactualexpectedmes-
sagepr to aweakversionof themessage.

The networkwastrainedasbefore.On half of the sen-
tencestherewas no weak clampingandthus no contet
information. On the otherhalf of thetrials, the message
layer was weak-clampedvith a strengthof 0.25. Thus,
after eachword the messageavaspulled 25% of the way
towardsthe correctrepresentationOn 40% of the weak-
clampedtrials, the messagdayer was initialized to the
full expectedmessage.On the other 60% of the weak-
clampedtrials, the messagdayer was initialized to the
messageveakenedoy either 25%, 50%, or 75%, with
equallikelihood.

Resultsfor this networkwere significantly betterthan
for the othermethodof presentingcontext. With no con-
text provided,the networkhasanerrorrateof 3.5%. This
is justa bit worsethanthe networkthatwasnever trained
with context. With the activationof themessagéayerini-
tially setto the expectedmessageveakenedy 50% and
with a clamp strengthof 25% subsequentlythe network
hasanerrorrateof 2.0%. The networkactuallyperforms

into the querynetworkandusethatpartialrepresentation a it worsewhentheinitial messagés stronger Neverthe-

asthe expectedmessageasif the learnerbasicallyknen
whatwasto be said,but notentirely,

A network was trained in similar fashion to those
above, exceptthattheerrorfreemessagaasprovidedon
20% of the trials and no context wasgiven on the other
trials. When testedwith the messageresent,the net-
work not surprisinglyperformedvery well, with a com-
prehensiorerror rate of just 1.5%, comparedto a rate
of 3.2% when trainedwith no contet. However, with-
out the context provided, the network had an error rate
of 7.4%. This may partially be due to the loss of the
back-projectiorfrom the messagdayer andit would be
informative to train a networkwith that projectionintact.
However, the poor performancds more likely dueto a
fundamentaproblemwith this methodof presentingon-
text. The networkmustlearnto essentiallyoperaten two
modes: with context and without andthis seemso im-
pairits performancavhencontext is notavailable.Exper
imentswith using partial context—a semanticrepresen-
tation without all of the triples loaded—resultedh very
poorperformance.

An alternatve way to introducecontext to the compre-
hender/predictais shavn in Figure13. Ratherthanusing
a separatenput with a standardorojection,the meaning
layeris “weak-clamped’by the expectedmessage.Un-
like a hard-clamp,which setsthe outputsof a group, a
weak-clampmerely pulls the outputsof the units a cer

less thisnetworkhaslearnedo comprehendjuitewell in
the absencef context and,aswe’ll seein the next sec-
tion, producevery accuratepredictionswhen contet is
available.

8 Production

Having traineda comprehensioand predictionnetwork
in the context of expectedmessagespne could imme-
diately simulate production. Productionbegins by pre-
sentingthe networkwith the messagét is to corvey and
feedingthe sentencéstart” symbolinto the word input.
Thenetworkproducesadistributionover thepossibldirst
words at the predictionlayer and one word is selected
from this distributionandfed backinto the network. This
procesontinueauntil the“end” symbolis produced As
the networkgenerateshe sentenceit continuesto mon-
itor itself and will possiblyalter the intendedmessage.
This may have the beneficialeffect of helping the net-
work recover from unintendegroductionsand,in amore
detailedsystem,would allow the networkto revise its
thoughtsin midstream,as peopleseemto do when at-
temptingto corvey a complex or vagueidea. However,
allowing the intendedmessag¢o drift during production
couldresultin the networklosingtrackof its thoughtsen-
tirely, resultingin a sortof fluentaphasia.
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Table4: Sampleincorrectproductions. The uppersen-
tenceis the desiredone andthe lower is the network’s
production.

@
@
©)
4
®)
©)
™
®
©

theboyswhoweresitting will besitting .
theboyswho aresitting weresitting .
food thatwasmadeis old .
foodthatis old foodis tasty.
aboy makesa picturewhich wasmade.
aboy madea picturewhichis beautiful.
applegshatweregottenweresitting .
appleswhich weregottenweresitting .
boysweregiving ameancatsomefood .
boysweregiving the meancatsfood .
acopwhowasstealingis leaving .
acopwhois stealingis stealing.
somecopsthatdrove arestealingthedog.
somecopsthatstolearestealingthedog.
theboywaschasedy thebeautifulcat.
thecatwaschasedy thebeautifulcat.
thebig caris chasingthebig cars.
thebig caris chasingthebig carsis chasinghebig cars.
(10) somefood which waseatenwith pleasuresat.
somefood which waseatersat.
(11) theboygavefoodto acat.
theboy gave acatfood.
(12) abig boywith the carwassitting .
abig big big big big big big big big big big big big. ..

The comprehension/predictionetwork, describedin
the previous section, which was trained using weak-
clampedcontet wastestedon its productionabilities. At
thestartof productionthefull semantiadepresentationf
the sentencavasloadedinto the messagéayer Subse-
guently the messagédayerwasweak-clampedo this in-
tendedmessagavith a strengthof 0.25. The mostactive
word in the network’s predictionlayerwaschoserasthe
next word in the sentenceOverall, the networkproduced
76%0f thesentencesorrectly whichis comparabléo the
resultspublishedby Dell, Chang,and Griffin (in press),
althoughthat modelonly producedsimplesentenceand
usedanexternalmechanismo maintaincontext.

It is interestingto examinethe errorsmadeby the net-
work. Someillustrative examplesare listed in Table 8.
Most of the incorrectproductionswere still grammatical
sentencesln the first example,the verb tensesare con-
fused. Sentencd?) illustratestwo problems,the move-
mentof the matrix clauseto a subclausend fabrication
of details. As we might expect, fabricationstendto be
semanticallyplausible.In (3), aratheravkward sentence
appeargo have beenimproved. Sometimeserrorscould
beassubtleaschangingherelative pronounasin (4), or
confusingthe nounnumberor definitenessasin (5).

One of the mostcommonmistakesmadeby the net-

work is duplicatingor perseerating an elementof the
sentence.In (6) the embeddedrerb takesover the ma-
trix clauseandtheoppositeoccursin (7). A similar effect
occurswith nouns,asin (8), andwith adjectves. Perse-
verationis also quite commonon the phraselevel, asin

(9). As onemightexpect,phrasesrealsodroppedonoc-

casion.In (11),thenetworkperformsa dative shift, which

actuallyshouldnt be surprisingsincethe two forms use
thesamesemantiencodingn thetrial languageFinally,

in oneinstance(12), the networkeitherdiscovershyper

boleor entersaninfinite loop.

Althoughthelack of a morphologicakystemmaypre-
ventthis modelfrom addressingsomeof the patternsof
productionerrorsin children’s speechsomeof its prob-
lems, such as dropping phrases,and changingtenses,
probably reflect commonhumanerrors. On the other
hand,othercharacteristicef the network,suchasits ten-
deng to perseerate,may beuncommonlt will beinter
estingto seehow actualproductiontraining, asopposed
to just the predictiontraining that hasbeendoneso far,
affectstheseresults.

9 Discussion and Plan

While theconnectionisapproachio understandinguman
languagehasbegun to offer novel answerdo old ques-
tions andmay be a diametricalternatve to the symbolic
tradition, connectionismremainsin its infang. There
have beenvery few connectionistmodelsappliedto the
problemsof learningcomprehensioror productionand
thesehave, for the most part, beenconfinedto simple
sentencesvith very small vocalularies. This is largely
dueto limitationsin our algorithmsandhardwareandthe
very reasonableesireto develop minimal, easilyanalyz-
abledemonstrationsf the propertiesof neuralnetworks.
It thereforeremainsopento reasonableloubtthatneural
networks,or ary generallearningmethod,will ever be
ableto modelhumanlanguageprocessingbilities.

The goal of this projectis to develop a connectionist
model of comprehensiomnd productionthat is capable
of handlinglanguage®f reasonableompleity andwith
thepotentialof beingexpandedo thefull scaleof natural
languageThisin itself would advanceour understanding
of the learningabilities of connectionissystems. How-
ever, afurthergoalis to comparethe performanceof the
networkto humanbehaioral datain orderto validateit as
areasonableif very muchincomplete,modelof the hu-
mansentenc@rocessingystem.Ratherthandesigninga
new modelfor eachtaskor experimentthereis a corrob-
orative advantageto be gainedby using a single system
capableof performingseveral tasksin anintegratedway
to sene asa foundationfor multiple experiments.While
thisis possiblyanoverly ambitiousgoal, thereis muchto
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be learnedin its pursuit. Ratherthanallowing us to fo-
cuson the tasksfor which neuralnetworksappearwell
suited,this endesor mayforceusto addresgheir current
failings.

Much of the work so far on the projecthasdealtwith
theproblemof encodingmessagein afixedlengthvector
While the RAAM is ableto learnthe taskquite well, its
encodinggnay be too comple to sene asusefultamgets
for comprehension-urthermorethe RAAM involvesre-
cursive manipulationof combinatoriakepresentations
commitmento this ability mayleadusto thewrongintu-
itionsaboutlanguageThequerynetworkseemgo offer a
reasonablalternatve thatleadsto bettercomprehension.
However, it makesanalysisof the network’s representa-
tions moredifficult andmay needto berevisedto reduce
ambiguity One further areaof investigationis the com-
bineduseof RAAMs andquerying.While thiswould not
alleviate ary qualmsaboutusingRAAMs, it may make
themmoreeffective targetsfor comprehension.

While theinitial resultsin comprehensioand predic-
tion areencouragingthereis still muchwork to be done
to improvetheseresultsandto furtheraddressheissueof
how context shouldbemadeavailableto thenetwork.But
the areamostin needof furtherinvestigationis produc-
tion. It is uncleamwhatareasonablscheduldor interleav-
ing trainingon comprehensioandproductionshouldbe.
It is alsounclearthatthe modelwill be ableto replicate
the patternsof errorschildrenshow during development
or therelative difficultiesadultshave with varioussyntac-
tic structures.Finally, in addressingparticulartasks,the
languageon which the modelis trainedwill be of 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
smalllanguagesnay be requiredto addresphenomena
suchaspatternsof early developmentandambiguityres-
olution.

Therearenumerougroblemswith the currentmodel—
somerelatively easilyaddresse@nd othersthat may be
fundamentalimitationsof theapproachOnemajorprob-
lem is that we are still limited to relatively simple lan-
guageswith smallvocalularies. As we createmorecom-
plex languagesthe size of the network relative to this
compleity will decreasesven further, which may have
both qualitatve and quantitative effects on performance.
Anotherlimitation is thatthe modeldoesnot addresshe
problemof choosinga particularmessageluring produc-
tion. Thiswill limit its ability to addresglatafrom pro-
ductionpatternsin children,asmessagehoiceandsen-
tenceformulation undoubtedlygo hand-in-handvhena
child attemptsto communicates a child who speaksn
simplesentenceanableto formulateideasinvolving mul-
tiple propositionsor just unableto expressthem?This is

animportantquestionthathasnot, to my knowledge,re-
ceived muchattention. However, the modelsimplifiesor
eliminatesamary othercritical aspect®f languageinclud-
ing phonologyand morphology the mechanisnof word
choicein production,much of the role of associatie or
world knowledge,a broadersituationalcontet, andthe
mechanismby whichwe inducepossiblenessagewhile
learningcomprehension.

Neverthelessthis projectwill be animportantstepin
extendingourknowledgeof thelearningabilitiesof neural
networksaswell ascontributing to our understandingf
thehumanlanguagesystem.

9.1 Plan

Thefollowingis aroughoutlinefor completionof thethe-
sis:

1. Investigatgproductiontrainingusingthe currentlan-

guage.

. Revisethelanguagdo includepolysemou®r vague
words,lexical ambiguity (wordsableto sere asei-
ther nounsor verbs), questionsand possibly com-
mands,and carefully controlled propertiesrelevant
to the centerembeddingversusright-branchingis-
sue. Thiswill involve ananalysisof corporaof spo-
kenEnglish.

. Revisethe semantidreerepresentation® makeac-
tiveandpassve sentencemoresimilarandto subtly
distinguishdatives from recipientsin prepositional
phrases.

. Possiblyrevise the word input andoutputrepresen-
tationsto encodemorphologicalkstructure.lnputsto
the comprehensiometwork could even use phono-
logicalencodings.

. Improve the currentmethodsfor training the mes-
sageencodersand comprehensiorand production
networks jncludinginvestigatinghe query-RAAM.

. Test the network’s comprehensiorand production
of sentencevolving embeddingsnd possiblyat-
temptto verify thosepredictionswith a studyusing
similar sentencesn normaladults.

. Investigatethe ability of the comprehensiogystem
to dealwith syntacticallyinvalid, butunderstandable,
sentenceandwith ambiguousandgarden-pattsen-
tences.

. Train the network to be bilingual, introducingthe
secondanguageat varying stagesof development,
and testingfor the “critical period” effect as well
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as similarities in performanceof late-learningnet-
works andadult second-languagkearnergJohnson
& Newport,1989).

. Testthe effectsof lesionsto variouspartsof the net-
work anddetermindf theresulting“syndromes’re-
flect commonforms of aphasialf so,this maylead
to a novel characterizatiorof the neurobiologyof
language.

However, | expectthatit wouldnotbeinconcevablefor
meto reducethislist of goalsandfocusonafew areaghat
turnout to be particularlyinterestingor fruitful. | hopeto
completethethesiswithin ayear to ayearanda half.
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