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Abstract

We considerthe taskof traininga neuralnetwork to classifynaturallanguagesentencesasgrammaticalor un-
grammatical,therebyexhibiting the samekind of discriminatorypower provided by the PrinciplesandParameters
linguistic framework, or GovernmentandBinding theory. We investigatethe following models:feed-forward neu-
ral networks,Frasconi-Gori-SodaandBack-Tsoilocally recurrentneuralnetworks,Williams andZipserandElman
recurrentneuralnetworks, Euclideanandedit-distancenearest-neighbors,anddecisiontrees. Non-neuralnetwork
machinelearningmethodsareincludedprimarily for comparison.We find that the ElmanandWilliams & Zipser
recurrentneuralnetworksareableto find a representationfor thegrammarwhich we believe is moreparsimonious.
Thesemodelsexhibit thebestperformance.

1 Motivation

1.1 Representational Power of Recurrent Neural Networks

Naturallanguagehastraditionallybeenhandledusingsymboliccomputationandrecursive processes.Themostsuc-
cessfulstochasticlanguagemodelshave beenbasedon finite-statedescriptionssuchasn-gramsor hiddenMarkov
models.However, finite-statemodelscannotrepresenthierarchicalstructuresasfoundin naturallanguage1 (Pereira
& Schabes1992). In the pastfew yearsseveral recurrentneuralnetwork (RNN) architectureshave emergedwhich
have beenusedfor grammaticalinference.RNNshave beenusedfor severalsmallernaturallanguageproblems,e.g.
papersusingtheElmannetwork for naturallanguagetasksinclude:(Stolcke1990,Allen 1983,Elman1984,Harris&
Elman1984,St. John& McClelland1990).Neuralnetworkmodelshavebeenshown tobeabletoaccountfor avariety
of phenomenain phonology(Gasser& Lee1990,Hare1990,Touretzky 1989a, Touretzky 1989b), morphology(Hare,
Corina& Cottrell 1989,MacWhinney, Leinbach,Taraban& McDonald1989)androle assignment(Miikkulainen &
Dyer1989,St. John& McClelland1990).Inductionof simplergrammarshasbeenaddressedoften– e.g.(Watrous&
Kuhn1992,Giles,Miller, Chen,Chen,Sun& Lee1992)on learningTomitalanguages.Therehasbeensomeinterest
in learningmorethanregulargrammarswith RNNs. Jordanandothers(Pollack1990,Berg 1992,Sperduti,Starita
& Goller 1995)have usedrecursiveauto-associativedistributedmemories(RAAMs) in RNNs. Others(Das,Giles&
Sun1992,Sun,Giles,Chen& Lee1993,Zeng,Goodman& Smyth1994)have usedRNNstied to externaltrainable8:90;�;=<2>@?�? A�A�A2BDC�E�F�GHBDC�I�BDC�E�FJBKF=LNMO?=9PLNMOEQ<�R=S�E�T=?0U=RQA0V�EQC7F�EW

Also with theInstitutefor AdvancedComputerStudies,Universityof Maryland,CollegePark,MD 20742.X 90;�;=<2>@?�? A�A�A2BDC�E�F�GHBDC�I�BDC�E�FJBKF=LNMO?=9PLNMOEQ<�R=S�E�T=?=S%G U=EPTJBD9P;YMOU
1The inside-outsidere-estimationalgorithmis anextensionof hiddenMarkov modelsintendedto beusefulfor learninghierarchicalsystems.

Thealgorithmis currentlyonly practicalfor relatively smallgrammars(Pereira& Schabes1992).



stacks.Thegrammarslearnedwerenot large. Our taskdiffers from thesein that thegrammaris considerablymore
complex. Recentlylarge regular grammarshave beenlearnedby RNNs (Giles, Horne& Lin 1995,Clouse,Giles,
Horne& Cottrell1994).However, thesegrammarshaveunusualpropertieswhenimplementedassequentialmachines
in thesensethatthey have little logic.

It hasbeenshown thatRNNshave the representationalpower requiredfor hierarchicalsolutions(Elman1991),and
thatthey areTuringequivalent(Siegelmann& Sontag1995).TheRNNsinvestigatedin thispaperconstitutecomplex,
dynamicalsystems.Pollack(Pollack1991)pointsout thatCrutchfieldandYoung(Crutchfield& Young1989)have
studiedthe computationalcomplexity of dynamicalsystemsreachingthe onsetof chaosvia period-doubling.They
have shown that thesesystemsarenot regular, but arefinitely describedby indexedcontext-free-grammars.Several
moderncomputationallinguisticgrammaticaltheoriesfall in thisclass(Joshi1985,Pollard1984).

1.2 Language and Its Acquisition

Certainlyoneof themostimportantquestionsfor thestudyof humanlanguageis: How dopeopleunfailingly manage
to acquiresucha complex rule system?A systemso complex that it hasresistedthe efforts of linguiststo dateto
adequatelydescribein a formal system(Chomsky 1986)?Here,we will provide a coupleof examplesof thekind of
knowledgenativespeakersoftentake for granted.

For instance,any native speaker of Englishknows that the adjective eager obligatorily takesa complementizerfor
with a sententialcomplementthat containsanovert subject,but that theverbbelievecannot.Moreover, eager may
takea sententialcomplementwith a non-overt,i.e.animpliedor understood,subject,but believecannot:2

*I ameagerJohnto behere I believeJohnto behere
I ameagerfor Johnto behere *I believefor Johnto behere
I ameagerto behere *I believeto behere

Suchgrammaticalityjudgmentsaresometimessubtlebut unarguablyform partof thenativespeaker’s languagecom-
petence.In othercases,judgmentfalls not on acceptabilitybut on otheraspectsof languagecompetencesuchas
interpretation.Considerthereferenceof theembeddedsubjectof thepredicateto talk to in thefollowing examples:

Johnis toostubbornfor Mary to talk to
Johnis toostubbornto talk to
Johnis toostubbornto talk to Bill

In thefirst sentence,it is clearthatMary is thesubjectof theembeddedpredicate.As everynativespeakerknows,there
is a strongcontrastin the co-referenceoptionsfor the understoodsubjectin the secondandthird sentencesdespite
their surfacesimilarity. In thethird sentence,Johnmustbetheimpliedsubjectof thepredicateto talk to. By contrast,
John is understoodastheobjectof thepredicatein thesecondsentence,thesubjectherehaving arbitraryreference;
in otherwords,thesentencecanbereadasJohnis too stubbornfor somearbitrary personto talk to John. Thepoint
we would like to emphasizehereis thatthelanguagefacultyhasimpressive discriminatorypower, in thesensethata
singleword, asseenin theexamplesabove,canresultin sharpdifferencesin acceptabilityor alter the interpretation
of a sentenceconsiderably. Furthermore,the judgmentsshown above arerobust in thesensethatvirtually all native
speakerswill agreewith thedata.

In the light of suchexamplesand the fact that suchcontrastscrop up not just in English but in other languages
(for example,the stubborncontrastalsoholds in Dutch), somelinguists (chiefly Chomsky (Chomsky 1981))have
hypothesizedthat it is only reasonablethat suchknowledgeis only partially acquired:the lack of variationfound
acrossspeakers,andindeed,languagesfor certainclassesof datasuggeststhat thereexistsa fixedcomponentof the

2As is conventional,weusetheasteriskto indicateungrammaticalityin theseexamples.
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Table 1: Parts-of-speech

Category Examples

Nouns(N) John, bookanddestruction
Verbs(V) hit, beandsleep
Adjectives(A) eager, old andhappy
Prepositions(P) withoutandfrom
Complementizer(C) that or for asin I thoughtthat ZPZ�Z

or I ameager for Z�Z�Z
Determiner(D) theor each asin themanor eachman
Adverb(Adv) sincerelyor whyasin I sincerelybelieve ZPZ�Z

or Why did Johnwant ZPZ�Z
Marker (Mrkr) possessive ’s, of, or to asin John’smother,

thedestructionof Z�Z�Z , or I want to help ZPZ�Z
languagesystem.In otherwords,thereis aninnatecomponentof thelanguagefacultyof thehumanmindthatgoverns
languageprocessing.All languagesobey theseso-calleduniversalprinciples.Sincelanguagesdodiffer with regardto
thingslike subject-object-verborder, theseprinciplesaresubjectto parametersencodingsystematicvariationsfound
in particularlanguages.Underthe innatenesshypothesis,only the languageparametersplus the language-specific
lexicon areacquiredby the speaker; in particular, the principlesarenot learned. Basedon theseassumptions,the
studyof theselanguage-independentprincipleshasbecomeknown asthe Principles-and-Parametersframework, or
Government-and-Binding(GB) theory.

In this paper, we askthequestion:Cana neuralnetwork bemadeto exhibit thesamekind of discriminatorypower
on thedataGB-linguistshaveexamined?Moreprecisely, thegoalof theexperimentis to traina neuralnetwork from
scratch,i.e. without thebifurcationinto learnedvs. innatecomponentsassumedby Chomsky, to producethesame
judgmentsasnativespeakerson thesharplygrammatical/ungrammaticalpairsof thesortdiscussedabove.

Theremainderof thepaperis organizedasfollows. In Sect.2 we introduceourdatasetanddescribeour problem.In
sections3 to 6 wedescribethemodelsusedandourexperimentalmethodology. We presentour resultsin Sect.7 and
discusstechniquesweusedto improvetheresultsin Sect.8. Full detailsona successfulsimulationaregivenin Sect.
9 andwedraw conclusionsin Sect.10.

2 Data

Our primarydataconsistsof 552Englishpositive andnegative examplestaken from an introductoryGB-linguistics
textbookby LasnikandUriagereka(Lasnik& Uriagereka1988).Mostof theseexamplesareorganizedinto minimal
pairslike theexampleI ameager for Johnto behere/*I ameager Johnto behere thatwe have seenearlier. We note
herethat the minimal natureof the changesinvolvedsuggeststhat our datasetmay representan especiallydifficult
task.Dueto thesmallsamplesize,theraw datawasfirst converted(usinganexistingparser)into themajorsyntactic
categoriesassumedunderGB-theory. Table1 summarizestheparts-of-speechthatwereused.

Thepart-of-speechtaggingrepresentsthesolegrammaticalinformationsuppliedto theneuralnetworkaboutparticular
sentencesin additionto the grammaticalitystatus.A small but importantrefinementthat wasimplementedwasto
include subcategorizationinformation for the major predicates,namelynouns,verbs,adjectives and prepositions.
(Our experimentsshowedthataddingsubcategorizationto thebarecategory informationimprovedtheperformance
of theneuralnetworks.) For example,an intransitive verbsuchassleepwould beplacedinto a differentclassfrom
theobligatorily transitive verbhit. Similarly, verbsthat take sententialcomplementsor doubleobjectssuchasseem,
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give or persuadewould be representative of otherclasses.3 Flushingout the subcategorizationrequirementsalong
theselines for lexical itemsin the training setresultedin 9 classesfor verbs,4 for nounsandadjectives,and2 for
prepositions.Examplesof the input dataareshown in Table2. We noteherethat taggingwasdonein a completely
context-freemanner. Obviously, aword,e.g.to, maybepartof morethanonepart-of-speech.Thetaggerbeingpartof
a largerparsingsystemis capableof assigningthecorrectparts-of-speech,but nodisambiguationwasdoneto provide
a greaterchallenge.

Table 2: Examplesof part-of-speechtagging

Sentence Encoding GrammaticalStatus

I ameagerfor Johnto behere n4v2 a2c n4v2 adv 1
n4v2 a2c n4p1v2 adv 1

I ameagerJohnto behere n4v2 a2n4v2 adv 0
n4v2 a2n4p1v2 adv 0

3 Experimental Methodology

We divide thedataup into a trainingsetanda testset.A window of a fixednumberof symbolsis usedasinput to the
modelsandthewidth of this window is variedfor differentsimulations.Thewindow is movedfrom thestartto the
endof eachsentencein temporalorder, andaclassificationis obtainedat thefinal step.For thosemodelswhichcannot
form internalstates,it doesnot make senseto useaninput window which is smallerthanthelengthof thesentence,
althoughwedopresentsomeresultsin thiscasefor comparisonpurposes.

For input to the neuralnetworks andnearest-neighbormodels,the 23 part-of-speechsymbolswereencodedinto a
fixedlengthwindow madeupof segmentscontainingeightseparateinputs,correspondingto theclassificationsnoun,
verb,adjective,etc. Sub-categoriesof theclasseswerelinearlyencodedinto eachinput in a mannerdemonstratedby
thespecificvaluesfor thenouninput: Not a noun= 0, nounclass1 = 0.5,nounclass2 = 0.667,nounclass3 = 0.833,
nounclass4 = 1. Thelinearorderwasdefinedusingourjudgmentof thesimilarity betweenthevarioussub-categories.
Two outputswereusedin the neuralnetworks,correspondingto grammaticalandungrammaticalclassifications.A
confidencecriteriawasused: []\_^0`badc@[]\_^0`feg[H\_hji3k 4. Thereis somecontradictionin thedatadueto theambiguity
of thepart-of-speechconversion.We decidedto removethecontradictorydatafor theresultspresentedhere.

It is importantto askwhetherresultsarestatisticallysignificant. Our resultsarebasedon multiple training/testset
partitionsandmultiple randomseeds(for thosemodelswhich usethem). We equalizedthe numberof positive and
negativeexamplesin thetrainingandtestsetsin orderto ensurethatthemodelscannotproduceresultsbasedon the
ratio of positive to negative examples.We have alsouseda setof Japanesecontroldata. Japaneseis at theopposite
endof thelanguagespectrumwhencomparedto EnglishandweexpectamodeltrainedontheEnglishdatato perform
poorly on theJapanesedata. Indeed,all modelsattain50%or lesscorrectclassificationon averagefor theJapanese
data.

Moredetailscanbefoundin Sect.9 and(Lawrence,Giles& Fong1995).

3Following classicalGB theory, theseclassesaresynthesizedfrom thetheta-gridsof individual predicatesvia theCanonicalStructuralRealiza-
tion (CSR)mechanismof Pesetsky (Pesetsky 1982).

4For anoutputrangeof 0 to 1 andsoftmaxoutputs.

4



4 Nearest-Neighbors

In the nearest-neighborstechnique,the nearest-neighborsto a test sentenceare found using a similarity measure.
Theclassof the testsentenceis inferredfrom theclassesof theneighbors.We investigatedthe following similarity
measures:

1. Euclideandistance. The neighborsarefound basedon their Euclideandistancefrom the testsentencein the
spacecreatedby theinput encoding( l m ihjn�o cp[ h erq h kts ). As expected,modelswith a small temporalwindow
did not achieve significantlygreaterthan50% correctclassification.However, modelswith a large temporal
window (nearthesizeof thelongestsentences)achievedup to 65%correctclassificationonaverage.

2. Edit distance. In edit-distancecomputationacostis assignedfor inserting,deleting,andsubstitutingsymbolsin
asequence.Dynamicprogrammingcanbeusedto calculatethecostof transformingonesequenceinto another
5. We wereunableto attaingreaterthan55% correctclassificationon averagefor the testset. Although we
expectcarefulselectionof thecosttableto improveperformance,analysisof theoperationof themethodleads
usto believe thatit will neverobtainverygoodperformance6.

5 Decision Trees

For comparisonpurposes,we testedthe C4.5 decisiontree inductionalgorithmby RossQuinlan (Quinlan 1993).
Decisiontreemethodsconstructa treewhich partitionsthedataat eachlevel in thetreebasedon a particularfeature
of the data. C4.5only dealswith stringsof constantlength,hencewe usedan input window correspondingto the
longeststring. We expectthatsignificantlymoredatawould berequiredto matchtheperformanceof theRNNsdue
to thepositiondependencecreatedby thefixedinput window. We usedthestandardsettingsin theC4.5packagefor
pruning,etc.We obtained60%correctclassificationperformanceon thetestdataonaverage.

6 Neural Networks

Our primary interestwasto train anRNN to form internalstatesin orderto createanautomatawhich maydescribe
thegrammarin a moreparsimoniousmanner, andhencegeneralizebetterto unseenexamples.However, we tested
feedforwardnetworkswith time delayedinputsfor comparisonaswell. We testedthefollowing models:Multi-layer
perceptron(MLP), Frasconi-Gori-Soda(FGS),Back-TsoiFIR, Williams andZipser, andElmanneuralnetworks. A
brief descriptionof eachmodelfollows

1. Multi-layer perceptron. Theoutputof a neuronis computedusing7

5Sequencesof lengthzeroupto theactualsequencelengthareconsidered.Thefollowing equationsareusediteratively to calculatethedistances
endingin the distancebetweenthe two completesequences.u and v rangefrom w to the lengthof the respective sequencesandthe superscripts
denotesequencesof thecorrespondinglength.For moredetailssee(Kruskal1983).x%yjz�{ �K|�}7~2����������� ��

x%yDz {	�)� ��| }��4� yD� { � w ~ deletionof
� {x%yDz {	�)� ��| } ��� ~ �4� yD� { ��� } ~�� } replaces
� {x%yDz { �K| } �)� ~ ��� y w ��� } ~ insertionof
� }

6Considerhow to definethecostfor deletinganounwithoutknowing thecontext in which it appears.
7where�7�� is theoutputof neuron� in layer � , � � is thenumberof neuronsin layer � , � �� { is theweightconnectingneuron� in layer � to neuronu in layer ��� �

, � �� ���
(bias),and � is commonlyasigmoidfunction.
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2. Frasconi-Gori-Sodalocally recurrentnetworks.A network with local feedbackconnectionaroundthehidden
nodesasdescribedin (Frasconi,Gori & Soda1992).

3. Back-TsoiFIR. A multi-layerperceptronnetwork with anFIR filter anda gaintermincludedin every synapse
asdescribedin (Back& Tsoi1991).

4. Williams andZipser. A fully connectedrecurrentnetwork whereall nodesareconnectedto all othernodesas
describedin (Williams & Zipser1989).

5. Elman(Elman1990,Elman1991).A recurrentnetworkwhereeachhiddenlayernodehasafeedbackconnection
to all otherhiddenlayernodes.Thefeedbackconnectionsaretrainableandweusefull backpropagationthrough
time for traininginsteadof thetruncatedversionusedby Elman.

The sizeof the neuralnetworks (the numberof hiddennodes)wasdeterminedbasedon the goal that the networks
shouldbe large enoughto learn the training datain a reasonabletime but no larger (larger networks lead to easy
creationof a lookuptableby themodelandpoorgeneralization– this is known asoverfitting).

7 Results

Initially, partialsuccesswasonly obtainedwith modelsemploying a largetemporalinput window. We wereunable
to train thenetworksusinga small temporalwindow althoughit is theoreticallypossible.We experienceddifficulty
becausethegradientdescentsearchtechniqueusedbecamestuckin localminima.Weareinterestedin trainingRNNs
with small temporalinput windows becausethesearethe only networkswhich areforcedto form internalstatesin
orderto learnsuccessfully– they areforcedto look for solutionswhich may be moreparsimoniousandgeneralize
better. After addingtechniquesdesignedto avoid local minimawe wereableto train anRNN with sequencesof the
lasttwo wordsasinputto give100%correctclassificationonthetrainingdata.Thisperformancewasobtainedwith an
ElmanRNN. Generalizationon thetestdataresultedin 74%correctclassificationon average.This is betterthanthe
performanceobtainedusingany of theothermethods,however it is still quite low. Theavailabledatais quitesparse
andweexpectincreasedgeneralizationperformanceastheamountof dataincreases(aswell asincreaseddifficulty in
training).Additionally, thedatasethasbeenhand-designedby GB linguiststo covera rangeof grammaticalstructures
andit is likely thattheseparationinto thetrainingandtestsetscreatesatestsetcontainingmany grammaticalstructures
thatarenotcoveredin thetrainingset.

Tables3 and4 summarizethe resultsobtainedwith thevariousmethods.The locally recurrentnetworks (Frasconi-
Gori-Soda,Back-Tsoi)did not performsignificantlybetterthanthe standardmulti-layer perceptron.Using a large
temporalinput window, the neuralnetwork modelswereable to attain100%correctclassificationperformanceon
thetrainingdataand65%correctclassificationon thetestdata.Thenearest-neighboranddecisiontreemethodsdid
not exceedthis performancelevel. Usinga small temporalinputwindow, no modelexcepttheElmanRNN exceeded
55% correctclassificationon the testdata. The Elmannetwork wasableto attain74%correctclassificationon the
testdataandtheW&Z network wasableto attain71%. In orderto make thenumberof weightsin eacharchitecture
approximatelyequalwe have usedonly singleword inputsfor the W&Z modelbut two word inputsfor theothers.
This reductionin dimensionalityfor theW&Z network improvedperformance.
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Table 3: Percentagecorrectclassificationfor thetrainingdata.

TRAIN large small
window window

MLP 100 55
FGS 100 56

BT-FIR 100 56
Elman 100 100
W&Z 100 92

Table 4: Percentagecorrectclassificationfor thetestdata.

TEST large small
window window

Edit-distance 55 N/A
Euclidean 65 55

Decisiontrees 60 N/A
MLP 63 54
FGS 65 59

BT-FIR 64 54
Elman 65 74
W&Z 59 71

8 Gradient Descent

Wehaveusedbackpropagation-through-time8 (Williams & Zipser1990)to traintheglobally-recurrentnetworks9 and
thegradientdescentalgorithmdescribedby theauthorsfor theFGSandBack-TsoiFIR networks. Theerrorsurface
of a multilayer network is generallynon-convex, non-quadratic,andoften haslarge dimensionality. We found the
standardgradientdescentalgorithmsto beimpracticalfor ourproblem.We employedthetechniquesdescribedbelow
for improving convergence.Althoughthesetechniquesareheuristicandreducetheeleganceof thesolution,they are
motivatedby analyzingtheoperationof thealgorithmandareapplicableto many otherproblems.

1. Detectionof SignificantError Increases. If the NMSE increasessignificantlyduring training thenthe network
weightsarerestoredfrom a previousepochandareperturbedto preventupdatingto thesamepoint. We have found
this techniqueto increaserobustnessof the algorithmwhenusing learningrateslarge enoughto help escapelocal
minima,particularlyin thecaseof theWilliams & Zipsernetwork.

2. Target outputs. Targetoutputswere0.1 and0.9 usingthe logistic activation function and-0.8 and0.8 usingthe³t´Jµ�¶
activation function. This helpsavoid saturatingthesigmoidfunction. If targetsweresetto theasymptotesof

thesigmoidthis would tendto: a) drive theweightsto infinity, b) causeoutlier datato producevery largegradients
dueto the largeweights,andc) producebinaryoutputsevenwhenincorrect– leadingto decreasedreliability of the
confidencemeasure.

3. Stochasticupdating. In stochasticupdateparametersareupdatedaftereachpatternpresentation,whereasin true
gradientdescent(often called ”batch” updating)gradientsare accumulatedover the completetraining set. Batch

8Backpropagation-through-time extendsbackpropagationto includetemporalaspectsandarbitraryconnectiontopologiesby consideringan
equivalentfeedforwardnetwork createdby unfoldingtherecurrentnetwork in time.

9Real-timerecurrentlearning(Williams & Zipser1989)wasalsotestedbut did not show any significantconvergencefor ourproblem.
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updateattemptsto follow the true gradient,whereasstochasticis similar to addingnoiseto the true gradient– this
noisecanhelpthealgorithmavoid localminima.Wefoundthatstochasticupdateproducedsignificantlybetterresults.

4. Learningrateschedule. Relativelyhighlearningratesaretypicallyusedin ordertohelpavoid slow convergenceand
local minima. However, a constantlearningrateresultsin significantparameterandperformancefluctuationduring
the entire training cycle suchthat the performanceof the network canalter significantlyfrom the beginning to the
endof thefinal epoch.Moody andDarkin have proposed“searchthenconverge” learningrateschedulesof theform
(Darken& Moody1991): ·�c ³ k ¢ ·��¸_cN¹»º ³ ¸%¼2k where·�c ³ k is thelearningrateat time

³
, ·� is theinitial learningrate,

and ¼ is a constant.We have foundthatthelearningrateduringthefinal epochstill resultsin considerableparameter
fluctuation10 andhencewe have addedanadditionalterm(seesection9) to furtherreducethe learningrateover the
final epochs.We havefoundtheuseof learningrateschedulesto improveperformanceconsiderably.

In additionto thesetechniques,wealsotried thefollowing, but wereunableto obtainimprovedperformance.

1. Sigmoidfunctions. Symmetricsigmoidfunctions(e.g. tanh)oftenimproveconvergenceover thestandardlogistic
function.For ourparticularproblemwefoundthedifferencewasminor.

2. Sectioningof thetraining data. We investigateddividing thetrainingdatainto subsets.Initially, only oneof these
subsetswasusedfor training.After 100%correctclassificationwasobtainedor a pre-specifiedtime limit expired,an
additionalsubsetwasaddedto the “working” set. This continueduntil theworking setcontainedtheentiretraining
set. Thesetrials wereperformedwith the dataorderedalphabetically, which enabledthe networks to focuson the
simplerdatafirst. Elmansuggeststhattheinitial trainingconstrainslatertrainingin a usefulway (Elman1991).The
useof sectioninghasconsistentlydecreasedperformancein ourcase.

3. Costfunction. The relative entropy costfunction hasreceivedparticularattention(Haykin 1994)andhasa nat-
ural interpretationin termsof learningprobabilities(Kullback 1959). We investigatedusingboth quadratic( ½ ¢os m ¡ c@[ ¡ e�q ¡ k s ) andrelativeentropy costfunctions( ½ ¢ m ¡�¾ os ct¹,º¿[ ¡ k�ÀpÁ7Â otÃ�Ä�ÅoYÃ�Æ Å º os ct¹Çe�[ ¡ k�ÀpÁ7Â o ¯ Ä�Åo ¯ Æ ÅJÈ ): where[
and q correspondto theactualanddesiredoutputvalues,and É rangesovertheoutputs(andalsothepatternsfor batch
update).We foundthequadraticcostfunctionto providebetterperformance.A possiblereasonfor this is thattheuse
of the entropy costfunction leadsto an increasedvarianceof weight updatesandthereforedecreasedrobustnessin
parameterupdating.

9 Simulation Details

Full detailsfor thebestperformingmodel,theElmannetwork, aregivenbelow. For theremainingmodels,variations
in specificimplementationdetails(e.g.thenumberof hiddennodes)did notmakeasignificantdifference.Theresults
reportedin thispaperarefor aninitial learningrateof 0.2and20hiddennodes.

Thenetwork containedthreelayersincludingtheinput layer. Thehiddenlayercontained20nodes.Eachhiddenlayer
nodehada recurrentconnectionto all otherhiddenlayer nodes. The network wastrainedfor a total of 1 million
stochasticupdates.All inputsandoutputswerewithin the rangezeroto one. Bias inputswereused. The bestof
50 randomweightsetswaschosenbasedon trainingsetperformance.Weightswereinitialized asshown in Haykin
(Haykin 1994). Targetsoutputswere0.1 and0.9 usingthe logistic outputactivation function. The quadraticcost
functionwasused.Thesearchthenconvergelearningratescheduleusedwas · ¢ ÊQËÌÍ3Î�Ï Ã Ð «Ñ�ÒYÓ%Ô «�Õ Ö Ð « ª Ñ�ÒYÓ Ö Ë Õ Ð « Ö Ì ª Ð Ï Í�×j×ÖØ«Nª Ð Ï ×ØÍ Ù
where · ¢ learningrate, ·� ¢ initial learningrate= 0.2, Ú ¢ total training epochs,

µ ¢ currenttraining epoch,Û o ¢ÝÜHÞ , Û s ¢ßÞ Z à Ü . The training setconsistedof 373 non-contradictoryexamples.The Englishtestsetconsisted
of 100non-contradictorysamplesandtheJapanesetestsetconsistedof 119non-contradictorysamples.74%correct
classificationwasobtainedontheEnglishtestsetand53%correctclassificationwasobtainedontheJapanesetestset.
Thetotal trainingtimewasaround4 hoursona SunSparc10workstation.

10NMSEresultswhichareobtainedoveranepochinvolving stochasticupdatecanbemisleading.Wehavebeensurprisedto find quitesignificant
differencein theseon-lineNMSEcalculationscomparedto astaticcalculationevenif thealgorithmappearsto have converged.
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10 Conclusions

We investigatedtheuseof feed-forwardneuralnetworks,Frasconi-Gori-SodaandBack-Tsoilocally recurrentneural
networks,Williams andZipserandElmanrecurrentneuralnetworks,Euclideanandedit-distancenearest-neighbors,
anddecisiontreesfor classifyingnaturallanguagesentencesasgrammaticalor ungrammatical,therebyexhibiting the
samekind of discriminatorypower providedby thePrinciplesandParameterslinguistic framework, or Government-
and-Bindingtheory. Frombestto worst performance,the architecturesareroughly: Elman,W&Z, FGS,Euclidean
distancenearestneighbors,MLP, C4.5 decisiontrees,andedit-distancenearestneighbors. Theoretically, a W&Z
network with thesamenumberof nodesshouldhave at leastthesamerepresentationalpower asanElmannetwork,
yet theElmannetwork providesbetterperformance.Investigationshows that this is dueto themorecomplex error
surfaceof theW&Z architecture.

Are the methodsreally learninganything? Nearest-neighbors,decisiontrees,feedforward networks do not learn
parsimoniousrepresentationsof thegrammar– they work by finding statisticallyclosematchesin the trainingdata.
They areexpectedto requirea much larger amountof datafor similar performance.On the otherhand,recurrent
neuralnetworksdo learnagrammar. 100%correctclassificationof thetrainingdatais notpossibleusingonly asmall
temporalinputwindow without forming internalstates.

We have shown that both ElmanandW&Z recurrentneuralnetworks areableto learnan appropriategrammarfor
discriminatingbetweenthe sharplygrammatical/ungrammaticalpairs usedby GB-linguists. The recurrentneural
networksconsideredherepossestherequiredrepresentationalpower for thetaskconsidered.However, difficulty lies
in finding theoptimumparameters(weights).Thestandardtrainingalgorithmswereunableto find a solutionto our
problem. We wereableto find a solutionby addingtechniquesaimedat improving theconvergenceof the training
algorithm.

Currentgeneralizationperformanceis not very high,however, theresultsappearsignificantconsideringthenatureof
thedataset(sparseandgrammaticalstructuresdiffer betweenthetrainingandtestsets).Weplanto generatemoredata
– weexpectbettergeneralizationperformance,howeverwealsoexpecttrainingto bemoredifficult. Hence,weneedto
continueto addresstheconvergenceof thetrainingalgorithms.Webelievethatthebasicassumptionsof smoothnessin
therequiredfunctionapproximationandthenatureof parameterupdatingprovideopportunitiesfor improvement(as
demonstratedby thetechniquesdescribedwithin). Thegrammarlearntby therecurrentnetworkscouldbeextracted
andexamined(Gileset al. 1992,Watrous& Kuhn1992).Furtherprogresscanbemadeby continuingto addressthe
convergenceof thebackpropagationalgorithm. However, we envisagea point afterwhich advanceswill dependon
consideringtheconnectionisttreatmentof hierarchicalrepresentations.
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