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Abstract

We considerthe taskof training a neuralnetwork to classify naturallanguagesentencess grammaticabr un-
grammatical therebyexhibiting the samekind of discriminatorypower provided by the Principlesand Parameters
linguistic framework, or Governmentand Binding theory We investigatethe following models: feed-forward neu-
ral networks, Frasconi-Gori-SodandBack-Tsoilocally recurrentneuralnetworks, Williams and ZipserandElman
recurrentneuralnetworks, Euclideanand edit-distancenearest-neighborgnd decisiontrees. Non-neuralnetwork
machinelearningmethodsare includedprimarily for comparison.We find thatthe EImanandWilliams & Zipser
recurrenineuralnetworks areableto find a representatiofor the grammarmwhich we believe is more parsimonious.
Thesemodelsexhibit the bestperformance.

1 Motivation

1.1 Representational Power of Recurrent Neural Networks

Naturallanguagehastraditionallybeenhandledusingsymboliccomputatiorandrecursve processesThe mostsuc-
cessfulstochastidanguagemodelshave beenbasedon finite-statedescriptionssuchas n-gramsor hiddenMarkov
models. However, finite-statemodelscannotrepresenhierarchicalstructuresasfoundin naturallanguagé (Pereira
& Schabed992). In the pastfew yearsseveral recurrentneuralnetwork (RNN) architecturehave emegedwhich
have beenusedfor grammaticainference.RNNs have beenusedfor seseralsmallernaturallanguageroblemse.g.
paperaisingthe EImannetwork for naturallanguageasksinclude: (Stolcke 1990,Allen 1983,EIman1984,Harris&
Elman1984,St. John& McClelland1990).Neuralnetwork modelshave beenshavn to beableto accounfor avariety
of phenomenin phonology(Gasse® Lee1990,Hare1990,Touretzky 198%, Touretzky 198%), morphology(Hare,
Corina& Cottrell 1989,MacWhinng, Leinbach,Taraban& McDonald1989)androle assignmen{Miikkulainen &
Dyer1989,St. John& McClelland1990).Inductionof simplergrammarsasbeenaddressedften—e.g.(Watrous&
Kuhn1992,Giles,Miller, Chen,Chen,Sun& Lee1992)on learningTomitalanguagesTherehasbeensomeinterest
in learningmorethanregulargrammarswvith RNNs. Jordanandothers(Pollack1990,Berg 1992, Sperduti,Starita
& Goller 1995)have usedrecursve auto-associate distributedmemoriefRAAMS) in RNNs. Others(Das,Giles&
Sunl1992,Sun,Giles,Chen& Lee1993,Zeng,Goodmant Smyth1994)have usedRNNSstied to externaltrainable
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1Theinside-outsidae-estimatioralgorithmis an extensionof hiddenMarkov modelsintendedto be usefulfor learninghierarchicalsystems.
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stacks.The grammardearnedwerenot large. Our taskdiffersfrom thesein thatthe grammaris considerablymore

comple. Recentlylarge regular grammarshave beenlearnedby RNNs (Giles, Horne& Lin 1995, Clouse,Giles,

Horne& Cottrell 1994).However, thesegrammarsiave unusuapropertiesvhenimplementedssequentiamachines
in the sensehatthey havelittle logic.

It hasbeenshovn that RNNs have the representationgdower requiredfor hierarchicalsolutions(Elman1991),and
thatthey areTuring equivalent(Siegelmann® Sontagl995). The RNNsinvestigatedn this paperconstitutecomple,
dynamicalsystems.Pollack (Pollack1991)pointsout that Crutchfieldand Young(Crutchfield& Young1989)have
studiedthe computationatompleity of dynamicalsystemseachingthe onsetof chaosvia period-doubling. They
have shavn thatthesesystemsarenot regular, but arefinitely describedoy indexed context-free-grammarsSeveral
moderncomputationalinguistic grammaticatheoriesfall in this class(Joshil985,Pollard1984).

1.2 Languageand Its Acquisition

Certainlyoneof themostimportantquestiongor the studyof humanlanguageés: How do peopleunfailingly manage
to acquiresucha complec rule system?A systemso comple thatit hasresistedthe efforts of linguiststo dateto
adequatelydescribdan aformal system(Chomsly 1986)?Here,we will provide a coupleof examplesof thekind of
knowledgenative spealersoftentake for granted.

For instance ary native spealer of Englishknows that the adjective eager obligatorily takesa complementizefor
with a sententiacomplementhat containsan overt subject,but that the verb believe cannot. Moreover, eager may
take a sententiacomplementvith anon-overt,i.e. animplied or understoodsubjectbut believe cannot?

*| ameagerJohnto behere | believe Johnto behere
| ameageffor Johnto behere *I believe for Johnto be here
| ameagetto behere *| believeto behere

Suchgrammaticalitjjudgmentsaresometimesubtlebut unaiguablyform partof the native spealer’'s languagecom-
petence.In othercasesjudgmentfalls not on acceptabilitybut on otheraspectf languagecompetenceuchas
interpretation Considetthereferenceof the embeddedubjectof the predicateo talk to in thefollowing examples:

Johnis too stubborrfor Mary to talk to
Johnis too stubbornto talk to
Johnis too stubborrto talk to Bill

In thefirst sentenceit is clearthatMary is thesubjectof theembeddegredicate As every native spealerknows, there
is a strongcontrastin the co-referenceptionsfor the understoodsubjectin the secondandthird sentenceslespite
their surfacesimilarity. In thethird sentenceJohnmustbetheimplied subjectof the predicateo talk to. By contrast,
Johnis understoodasthe objectof the predicaten the secondsentencethe subjectherehaving arbitraryreference;
in otherwords,the sentenceanbereadasJohnis too stubbornfor somearbitrary personto talk to John The point

we would like to emphasizéaereis thatthe languagdaculty hasimpressve discriminatorypower, in the sensehata

singleword, asseenin the examplesabove, canresultin sharpdifferencesn acceptabilityor alterthe interpretation
of a sentenceonsiderably Furthermorethe judgmentsshovn above arerobustin the sensethatvirtually all native

spealerswill agreewith thedata.

In the light of suchexamplesand the fact that suchcontrastscrop up not just in English but in otherlanguages
(for example,the stubborncontrastalso holdsin Dutch), somelinguists (chiefly Chomsly (Chomsly 1981)) have
hypothesizedhatit is only reasonablehat suchknowledgeis only partially acquired:the lack of variationfound
acrossspealers,andindeed,languagedor certainclasseof datasuggestshatthereexistsa fixed componenof the

2Asis corventional we usethe asteriskto indicateungrammaticalityn theseexamples.



Table 1: Parts-of-speech

Cateyory Examples

Nouns(N) John, bookanddestruction
Verbs(V) hit, beandsleep
Adjectives(A) eager, old andhappy
PrepositiongP) withoutandfrom

ComplementizefC) thator for asin | thoughtthat. . .
orl ameagerfor...

Determiner(D) theor eac asin themanor eachman

Adverb(Adv) sinceely or whyasin | sincerelybelieve. ..
or Why did Johnwant. . .

Marker (Mrkr) possesse’'s, of, or to asin Johr's mother
thedestructiorof ... , or | wantto help. ..

languagesystem.In otherwords,thereis aninnatecomponenof thelanguagdacultyof thehumanmindthatgoverns
languageprocessingAll language®bey theseso-calleduniversalprinciples.Sincelanguageslo differ with regardto
thingslike subject-object-grborder, theseprinciplesaresubjectto parametergncodingsystematio/ariationsfound
in particularlanguages.Underthe innatenes$iypothesisponly the languageparameterplus the language-specific
lexicon are acquiredby the spealer; in particular the principlesare not learned. Basedon theseassumptionsthe
study of theselanguage-independeptincipleshasbecomeknown asthe Principles-and-Brametergrameawork, or
Government-and-Bindin¢GB) theory

In this paper we askthe question:Cana neuralnetwork be madeto exhibit the samekind of discriminatorypower
onthedataGB-linguistshave examined?More preciselythe goal of the experimentis to train a neuralnetwork from

scratch,.e. without the bifurcationinto learnedvs. innatecomponentassumedy Chomsly, to producethe same
judgmentsasnative spealerson the sharplygrammatical/ungrammaticphirsof the sortdiscussedbove.

Theremaindeiof the paperis organizedasfollows. In Sect.2 we introduceour dataseanddescribeour problem.In
sections3 to 6 we describeéhe modelsusedandour experimentaimethodologyWe presenbur resultsin Sect.7 and
discusgechniquesve usedto improve theresultsin Sect.8. Full detailson a successfusimulationaregivenin Sect.
9 andwe draw conclusionsn Sect.10.

2 Data

Our primary dataconsistsof 552 Englishpositive andnegative examplestaken from anintroductoryGB-linguistics
textbookby LasnikandUriagerekaLasnik& Uriagerekal 988). Most of theseexamplesareorganizednto minimal

pairslike the examplel ameager for Johnto be here/*| ameager Johnto be here thatwe have seenearlier We note
herethatthe minimal natureof the changesnvolved suggestshat our datasemay representin especiallydifficult

task.Dueto the smallsamplesize,the raw datawasfirst corverted(usingan existing parser)nto the majorsyntactic
catgyoriesassumedinderGB-theory Table1l summarizeshe parts-of-speecthatwereused.

Thepart-of-speeckaggingrepresentthe solegrammaticainformationsuppliedto theneuralnetwork aboutparticular
sentence# additionto the grammaticalitystatus. A small but importantrefinementhat wasimplementedvasto
include subcatgorizationinformation for the major predicatesnamelynouns,verbs, adjectives and prepositions.
(Our experimentsshaved that addingsubcatgorizationto the barecateyory informationimproved the performance
of the neuralnetworks.) For example,anintransitve verb suchassleepwould be placedinto a differentclassfrom
the obligatorily transitive verbhit. Similarly, verbsthattake sententiatomplement®r doubleobjectssuchasseem



give or persuadewould be representatie of otherclasses. Flushingout the subcatgorizationrequirementslong
theselines for lexical itemsin the training setresultedin 9 classedor verbs,4 for nounsandadjectves,and 2 for

prepositions.Examplesof the input dataareshovn in Table2. We noteherethattaggingwasdonein a completely
contet-freemanner Obviously, aword, e.g.to, maybe partof morethanonepart-of-speechl hetaggerbeingpartof

alargerparsingsystemis capableof assigninghecorrectparts-of-speectyut no disambiguatiorwasdoneto provide

agreaterchallenge.

Table 2: Examplesof part-of-speectagging

Sentence Encoding GrammaticaStatus

| ameagerfor Johnto behere n4v2a2cn4v2adv 1
n4v2a2cndplv2adv 1

| ameagerJohnto behere n4v2 a2n4v2 adv 0
ndv2az2nd4plv2adv 0

3 Experimental Methodology

We divide the dataup into atrainingsetandatestset. A window of afixednumberof symbolsis usedasinputto the
modelsandthe width of this window is variedfor differentsimulations.The window is movedfrom the startto the
endof eachsentencén temporalbrder, andaclassificatioris obtainedat thefinal step.For thosemodelswhich cannot
form internalstatesjt doesnot make senseo useaninput window which is smallerthanthe lengthof the sentence,
althoughwe do presensomeresultsin this casefor comparisorpurposes.

For input to the neuralnetworks and nearest-neighbanodels,the 23 part-of-speectsymbolswere encodednto a
fixedlengthwindow madeup of segmentscontainingeightseparaténputs,correspondingdo the classificationsioun,
verb,adjectie, etc. Sub-catgoriesof the classesverelinearly encodednto eachinputin a mannerdemonstratedly
the specificvaluesfor the nouninput: Not anoun= 0, nounclassl = 0.5,nounclass2 = 0.667,nounclass3 = 0.833,
nounclass4 = 1. Thelinearorderwasdefinedusingourjudgmentof thesimilarity betweerthevarioussub-catgories.
Two outputswereusedin the neuralnetworks, correspondindo grammaticabnd ungrammaticatlassifications A
confidencecriteriawasused:ymae X (Ymaz — Ymin)*. Thereis somecontradictionin the datadueto the ambiguity
of the part-of-speeclorversion.We decidedto remove the contradictorydatafor theresultspresentedhere.

It is importantto askwhetherresultsare statisticallysignificant. Our resultsare basedon multiple training/testset
partitionsand multiple randomseedgfor thosemodelswhich usethem). We equalizedthe numberof positve and
negative examplesin the trainingandtestsetsin orderto ensurethatthe modelscannotproduceresultsbasedon the
ratio of positive to negative examples.We have alsouseda setof Japaneseontroldata. Japaneseés at the opposite
endof thelanguagespectrunwhencomparedo Englishandwe expectamodeltrainedon the Englishdatato perform
poorly on the Japanesdata. Indeed,all modelsattain50% or lesscorrectclassificatioron averagefor the Japanese
data.

More detailscanbefoundin Sect.9 and(Lawrence Giles& Fong1995).

SFollowing classicalGB theory theseclassesresynthesizedrom the theta-gridsof individual predicatevia the CanonicalStructuralRealiza-
tion (CSR)mechanisnof Pesetsk (Pesetsk 1982).
4For anoutputrangeof 0 to 1 andsoftmaxoutputs.



4 Nearest-Neighbors

In the nearest-neighborechnique the nearest-neighbor® a test sentenceare found using a similarity measure.
The classof the testsentencés inferredfrom the classe®f the neighbors.We investigatedhe following similarity
measures:

1. Euclideandistance The neighborsare found basedon their Euclideandistancefrom the testsentencen the
spacecreatedby theinputencoding(y/>_ 1, (y; — d;)?). As expected modelswith a smalltemporalwindow
did not achieve significantly greaterthan 50% correctclassification. However, modelswith a large temporal
window (nearthesizeof thelongestsentencesychievedup to 65% correctclassificatioron average.

2. Editdistance In edit-distanc&omputatiora costis assignedor inserting,deleting,andsubstitutingsymbolsin
asequenceDynamicprogrammingcanbeusedto calculatethe costof transformingonesequencito another
5. We were unableto attaingreaterthan’55% correctclassificationon averagefor the testset. Althoughwe
expectcarefulselectionof the costtableto improve performanceanalysisof the operationof the methodleads
usto believe thatit will never obtainvery goodperformancé

5 Decision Trees

For comparisonpurposeswe testedthe C4.5 decisiontree induction algorithm by RossQuinlan (Quinlan 1993).
Decisiontree methodsconstructa treewhich partitionsthe dataat eachlevel in the treebasedon a particularfeature
of the data. C4.5only dealswith stringsof constaniength, hencewe usedan input window correspondingo the
longeststring. We expectthat significantlymoredatawould be requiredto matchthe performancef the RNNsdue
to the positiondependencereatedoy the fixedinput window. We usedthe standardsettingsin the C4.5packagédor

pruning,etc. We obtained60% correctclassificatiorperformancen thetestdataon average.

6 Neural Networks

Our primaryinterestwasto train an RNN to form internalstatesn orderto createan automatavhich may describe
the grammarin a more parsimoniousnanney andhencegeneralizebetterto unseerexamples. However, we tested
feedforwardnetworkswith time delayednputsfor comparisoraswell. We testedthe following models:Multi-layer
perceptronMLP), Frasconi-Gori-Sod&éGS),Back-TsoiFIR, Williams andZipser andElImanneuralnetworks. A
brief descriptionof eachmodelfollows

1. Multi-layer perception. The outputof a neuronis computedising

5Sequencesf lengthzeroupto theactualsequencéengthareconsideredThefollowing equationsreusediteratively to calculatethedistances
endingin the distancebetweerthe two completesequences: andj rangefrom 0 to the lengthof the respectie sequenceandthe superscripts
denotesequencesf the correspondindength. For moredetailssee(Kruskal 1983).

d(ai=1,bJ 4 w(a;,0) deletionofa;
d(a’,b/) =min{ d(a*~!,b/ 1) + w(ai,b;) bjreplaces;
d(a’,bi=1) + w(0, b;) insertionofb;

6Considetaw to definethecostfor deletinga nounwithout knawing the context in which it appears.
7whereyfc is theoutputof neuronk in layerl, N; is thenumberof neuronsn layerl, “’gm' is theweightconnectingneuronk in layerl to neuron
tinlayerl — 1, yf) = 1 (bias),andf is commonlya sigmoidfunction.
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2. Frasconi-Gori-Soddocally recurrentnetworks.A network with local feedbackconnectioraroundthe hidden
nodesasdescribedn (FrasconiGori & Sodal992).

3. Bak-TsoiFIR. A multi-layer perceptrometwork with anFIR filter anda gaintermincludedin every synapse
asdescribedn (Back& Tso0i1991).

4. Williams and Zipser A fully connectedecurrentnetwork whereall nodesareconnectedo all othernodesas
describedn (Williams & Zipser1989).

5. Elman(Elman1990,EIman1991).A recurrennhetwork whereeachhiddenlayernodehasafeedbaclkconnection
toall otherhiddenlayernodes.Thefeedbackconnectionsretrainableandwe usefull backpropagatiothrough
time for traininginsteadof thetruncatedsersionusedby EIman.

The size of the neuralnetworks (the numberof hiddennodes)wasdeterminedasedon the goal that the networks
shouldbe large enoughto learnthe training datain a reasonabld¢ime but no larger (larger networks lead to easy
creationof alookuptableby themodelandpoorgeneralization- thisis known asoverfitting).

7 Resaults

Initially, partial successvasonly obtainedwith modelsemploying a large temporalinput window. We wereunable
to train the networks usinga smalltemporalwindow althoughit is theoreticallypossible.We experiencedlifficulty
because¢hegradientdescensearchechniquaisedbecamestuckin local minima. We areinterestedn trainingRNNs
with smalltemporalinput windows becausehesearethe only networks which areforcedto form internal statesn
orderto learnsuccessfully- they areforcedto look for solutionswhich may be more parsimoniousandgeneralize
better After addingtechniqueslesignedo avoid local minimawe wereableto train an RNN with sequencesf the
lasttwo wordsasinputto give 100%correctclassificatioronthetrainingdata. This performancevasobtainedwith an
ElmanRNN. Generalizatioron thetestdataresultedin 74% correctclassificatioron average.Thisis betterthanthe
performancebtainedusingary of the othermethodshoweverit is still quitelow. The availabledatais quite sparse
andwe expectincreasedjeneralizatiorperformancesthe amountof dataincreasegaswell asincreasedlifficulty in
training). Additionally, thedatasehasbeenhand-designeby GB linguiststo coverarangeof grammaticabtructures
andit is likely thattheseparatiolinto thetrainingandtestsetscreatestestsetcontainingmary grammaticastructures
thatarenot coveredin thetrainingset.

Tables3 and4 summarizehe resultsobtainedwith the variousmethods.The locally recurrentnetworks (Frasconi-
Gori-Soda,Back-Tsoi)did not performsignificantly betterthanthe standardmulti-layer perceptron.Using a large
temporalinput window, the neuralnetwork modelswere ableto attain 100% correctclassificationperformanceon
thetraining dataand 65% correctclassificatioron the testdata. The nearest-neighbanddecisiontreemethoddid
not exceedthis performancéevel. Usinga smalltemporalinputwindow, no modelexceptthe EImanRNN exceeded
55% correctclassificationon the testdata. The EImannetwork wasableto attain 74% correctclassificationon the
testdataandthe W&Z network wasableto attain71%. In orderto make the numberof weightsin eacharchitecture
approximatelyequalwe have usedonly singleword inputsfor the W&Z modelbut two word inputsfor the others.
Thisreductionin dimensionalityfor theW&Z network improvedperformance.



Table 3: Percentageorrectclassificatiorfor thetrainingdata.

TRAIN large small
windowv  window

MLP 100 55
FGS 100 56
BT-FIR 100 56
Elman 100 100
W&z 100 92

Table 4: Percentageorrectclassificatiorfor 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

We have usedbackpropagation-timugh-time® (Williams & Zipser1990)to traintheglobally-recurrenhetworks® and
the gradientdescentlgorithmdescribedy the authorsfor the FGSandBack-TsoiFIR networks. Theerrorsurface
of a multilayer network is generallynon-cotvex, non-quadraticand often haslarge dimensionality We found the
standardyradientdescenalgorithmsto beimpracticaffor our problem.We employedthetechniquesiescribedelow
for improving corvergence Althoughthesetechniquesareheuristicandreducethe eleganceof the solution,they are
motivatedby analyzingthe operationof the algorithmandareapplicableto mary otherproblems.

1. Detectionof SignificantError Increases If the NMSE increasesignificantly during training thenthe network
weightsarerestoredrom a previous epochandare perturbedo preventupdatingto the samepoint. We have found
this techniqueto increaserobustnesof the algorithmwhenusing learningrateslarge enoughto help escapdocal
minima, particularlyin the caseof the Williams & Zipsernetwork.

2. Target outputs. Tamget outputswere 0.1 and 0.9 usingthe logistic activation function and-0.8 and 0.8 usingthe
tanh activationfunction. This helpsavoid saturatinghe sigmoidfunction. If targetsweresetto the asymptoteof

the sigmoidthis would tendto: a) drive the weightsto infinity, b) causeoutlier datato producevery large gradients
dueto the large weights,andc) producebinary outputsevenwhenincorrect— leadingto decreasedeliability of the
confidencemeasure.

3. Stodasticupdating In stochastiaupdateparameterare updatedafter eachpatternpresentationwhereasn true
gradientdescent(often called "batch” updating)gradientsare accumulatedbver the completetraining set. Batch

8Backpropagation-throughste extendsbackpropagatioro include temporalaspectsand arbitrary connectiontopologiesby consideringan
equivalentfeedforvard network createdoy unfoldingtherecurrennetwork in time.
9Real-timerecurrentearning(Williams & Zipser1989)wasalsotestedout did not shaw ary significantcorvergencefor our problem.



updateattemptsto follow the true gradient,whereasstochastids similar to addingnoiseto the true gradient- this
noisecanhelpthealgorithmavoid localminima. We foundthatstochastiaipdateproducedsignificantlybetterresults.

4. Learningrateschedule Relatvely highlearningratesaretypically usedn orderto helpavoid slow corvergenceand
local minima. However, a constaniearningrateresultsin significantparameteand performancdluctuationduring
the entiretraining cycle suchthat the performanceof the network canalter significantlyfrom the beginning to the
endof thefinal epoch.Moody andDarkin have proposedsearchthencorverge” learningrateschedule®f theform
(Darken& Moody 1991):7(t) = no/ (1 + t/7) wheren(t) is thelearningrateattime ¢, n is theinitial learningrate,
andr is aconstantWe have foundthatthelearningrateduringthefinal epochstill resultsin considerablgparameter
fluctuatiort® andhencewe have addedan additionalterm (seesection9) to further reducethe learningrateover the
final epochsWe have foundtheuseof learningratescheduleso improve performanceonsiderably

In additionto thesetechniqueswe alsotried thefollowing, but wereunableto obtainimprovedperformance.

1. Sigmoidfunctions Symmetricsigmoidfunctions(e.g. tanh)oftenimprove corvergenceover the standardogistic
function. For our particularproblemwe foundthedifferencevasminor.

2. Sectioningof thetraining data. We investigatedlividing the training datainto subsetsinitially, only oneof these
subsetsvasusedfor training. After 100%correctclassificatiorwasobtainedor a pre-specifiedime limit expired,an
additionalsubsetvasaddedto the “working” set. This continueduntil the working setcontainedhe entiretraining
set. Thesetrials were performedwith the dataorderedalphabeticallywhich enabledthe networks to focuson the
simplerdatafirst. ElImansuggestshattheinitial training constraindatertrainingin a usefulway (Elman1991).The
useof sectioninghasconsistentlydecreasegerformancen our case.

3. Costfunction. Therelative entrofy costfunction hasreceved particularattention(Haykin 1994) andhasa nat-
ural interpretationin termsof learningprobabilities(Kullback 1959). We investigatedusing both quadratic(E =
5 >k (yx — di)?) andrelative entrogy costfunctions(E = 3, [5(1+ yx) log7+%: + 5 (1 —yx) logi=%:]): wherey
andd correspondo theactualanddesiredbutputvaluesandk rangesver the outputs(andalsothe patterndor batch
update) We foundthe quadraticcostfunctionto provide betterperformanceA possiblereasorfor thisis thattheuse
of the entrogy costfunctionleadsto anincreasedsarianceof weight updatesandthereforedecreasedobustnessn

parameteupdating.

9 Simulation Details

Full detailsfor the bestperformingmodel,the EImannetwork, aregivenbelow. For theremainingmodels variations
in specificimplementatiordetails(e.g.thenumberof hiddennodes)did not make a significantdifference Theresults
reportedn this paperarefor aninitial learningrateof 0.2and20 hiddennodes.

Thenetwork containedhreelayersincludingtheinputlayer The hiddenlayercontained?0 nodes.Eachhiddenlayer
nodehad a recurrentconnectionto all otherhiddenlayer nodes. The network wastrainedfor a total of 1 million

stochasticupdates.All inputsand outputswere within the rangezeroto one. Bias inputswere used. The bestof
50 randomweight setswaschoserbasedon training setperformance Weightswereinitialized asshavn in Haykin
(Haykin 1994). Tamgetsoutputswere 0.1 and 0.9 usingthe logistic outputactivation function. The quadraticcost
functionwasused. The searchthencorvergelearningrate scheduleusedwasn = — 0

N/3 —maz(0,c1(n—caN))
B P (I e Ay

wheren = learningrate,ny = initial learningrate= 0.2, N = total training epochsn = currenttraining epoch,
c1 = 50, c2 = 0.65. Thetraining setconsisteddf 373 non-contradictoryexamples. The Englishtestsetconsisted
of 100non-contradictorsamplesandthe Japanesgestsetconsistedf 119 non-contradictorsamples.74% correct
classificatiorwasobtainedonthe Englishtestsetand53%correctclassificatiorwasobtainedonthe Japanestestset.
Thetotaltrainingtime wasaround4 hourson a SunSparcl10workstation.

10NMSE resultswhich areobtainedover anepochinvolving stochastiecipdatecanbe misleading We have beensurprisedo find quitesignificant
differencein theseon-line NMSE calculationssomparedo a staticcalculationevenif the algorithmappeardo have corverged.



10 Conclusions

We investigatedhe useof feed-forward neuralnetworks, Frasconi-Gori-SodandBack-Tsoilocally recurrenmneural
networks, Williams andZipserand EImanrecurrentneuralnetworks, Euclideanand edit-distancenearest-neighbors,
anddecisiontreesfor classifyingnaturallanguagesentenceasgrammaticabr ungrammaticaltherebyexhibiting the
samekind of discriminatorypower providedby the PrinciplesandParameterdinguistic framework, or Government-
and-Bindingtheory Frombestto worst performancethe architectureareroughly: ElIman,W&Z, FGS,Euclidean
distancenearesieighbors MLP, C4.5 decisiontrees,and edit-distancenearesineighbors. Theoretically a W&Z
network with the samenumberof nodesshouldhave at leastthe samerepresentationglower asan Elmannetwork,
yet the EImannetwork providesbetterperformance.Investigationshaws thatthis is dueto the morecomple error
surfaceof theW&Z architecture.

Are the methodsreally learningarything? Nearest-neighborgjecisiontrees,feedforward networks do not learn

parsimoniougepresentationsf the grammar— they work by finding statisticallyclosematchesn the training data.
They are expectedto requirea much larger amountof datafor similar performance.On the otherhand,recurrent
neuralnetworksdo learna grammar 100%correctclassificatiorof thetrainingdatais not possibleusingonly asmall

temporalinputwindow without forminginternalstates.

We have shavn that both EImanandW&Z recurrentneuralnetworks are ableto learnan appropriategrammarfor
discriminatingbetweenthe sharply grammatical/ungrammaticglairs usedby GB-linguists. The recurrentneural
networks considerederepossesherequiredrepresentationglower for the taskconsideredHowever, difficulty lies
in finding the optimumparametergweights). The standardraining algorithmswere unableto find a solutionto our
problem. We wereableto find a solutionby addingtechniquesimedat improving the cornvergenceof the training
algorithm.

Currentgeneralizatiorperformances notvery high, however, theresultsappeassignificantconsideringhe natureof

thedatase{sparseandgrammaticaktructuregliffer betweerthetrainingandtestsets).We planto generatenoredata
—we expectbettergeneralizatioperformancehoweverwe alsoexpecttrainingto bemoredifficult. Hencewe needo

continueto addresshecorvergenceof thetrainingalgorithms.We believe thatthebasicassumptionsf smoothnesi

therequiredfunctionapproximatiorandthe natureof parameteupdatingprovide opportunitiedor improvement(as
demonstratetdy the techniqueglescribedvithin). The grammarearntby the recurrentnetworks could be extracted
andexamined(Gilesetal. 1992, Watrous& Kuhn1992). Furtherprogressanbe madeby continuingto addresshe
convergenceof the backpropagatiomlgorithm. However, we ervisagea point after which advanceswill dependon
consideringhe connectionistreatmenbdf hierarchicarepresentations.
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