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Abstract

This papercompareghe performanceof two recurrentneuralnetwork

modeldearningthegrammarof simpleEnglishsentenceandintroduces
a methodfor creatinguseful negative training examplesfrom a set of

grammaticakentencesThelearningtaskis castasaclassi cationprob-

lem asopposedo a predictionproblem;networks aretaughtto classify
agivensequencasgrammaticabr ungrammaticalThetwo neuralnet-

work modelscomparedarethe simple architectureproposedby Elman
in [1], andthe Long Short-TermMemory (LSTM) network from [4]. For

comparisona Naive Bayes(NB) classi er is alsotrainedwith bigrams
to accomplishthis task. Only the EImannetwork learnsthetrainingdata
betterthanNB, andneithernetwork generalizedbetterthanNB on sen-
tencedongerthanthetraining sentencesThe LSTM network doesnot
generalizeaswell asthe EImannetwork on a simple regular grammay
but shavs comparablebility to generalizé&knowledgeof EnglishGram-
mar

1 Background

Recurrennheuralnetworks (RNNs)arewidely usedassequencg@rocessinglevices. More
traditionalmodels,suchasthe HiddenMarkov Model (HMM), arecon ned to a discrete
statespace whereasstateis representedh a RNN by the patternof activation of hidden
units, eachof which is typically composedf continuousvalues[2]. Becausenite-state
modelscannotrepresenthecomplex structurecommonlyfoundin naturallanguagemary
researcherbave developedRNN architecturego be usedfor grammaticainference[5].
RNNs exhibit complex dynamicalbehaior andhave beenshavn capableof representing
thesestructuregs].

Thereare currently mary differentarchitecturesand typesof RNNs in use. Oneissue
this paperaddresses whetherthe purportedbene ts of recentRNN modelsoutweighthe
bene t of simplicity of oldermodelsin the domainof grammaticainference.Speci cally
two typesof networksarecomparedthe simplerecurrentnetwork proposedy Elmanand
usedin [1] and[5] to infer the grammarof naturallanguage andthe Long Short-Term
Memorynetworksusedin [2] to learnsimplegrammars.

Classifyingsentenceascorrector incorrectenglishclearlyrequiresmemory For example,



aclassi er needsto remembemhethera subjectwasplural or singularso whenthe verb
appearsagreementanbechecled. Therecurrentackpropagatioalgorithm(BPTT) can
take a very long time to teacha network to remembeinformation. LSTM networks have
beenshawn to learnto remembemuchmore quickly andreliably, but it is not clearthat
parsingEnglishrequiresmemoryovertime intervalslong enoughto give LSTM networks
anadwantageover simplenetworksusingBPTT [4]. To attemptto answetthis questionthe
ability of the networksto learnto remembeiis directly investigatedwvith a simpleregular
grammar Thenthe networksaretaughtEnglishgrammar

Anotherissueinvestigatedereis the extentto whichthegrammaiinferredfrom shortsen-
tencescan be usedto classifylongersentencesCertainly longersentencearelikely to
containsomestructureshot presenin shortsentencessuchasnestedclausesandphrases;
however, in mary casesshortsentencesanbe usedto learnhierarchicalstructureshat
canbe combinedto form longersentencesk-or example,a shortsentencenight containa
participialphraseasa subjectandanothershortsentencenight containa participialphrase
asadirectobject. If thisrule, thatparticipialphrasesanbe usedwherenounsareused,is
correctlylearnedalongersentencén which boththesubjectanddirectobjectareparticip-
ial phraseshouldbe correctlyclassi ed. In [1] EImaninvestigateshe ability of RNNsto
learnthesehierarchiesbut nottheextentto whichthey canbelearnedrom shortsentences
andappliedto long sentences.

2 Experimental design

Thetaskof the networks s to decideif a givensymbolicsequencés grammaticalbr un-

grammatical.This differsfrom the usualapproach[1] and[2], for example)to grammat-
ical inferencewhich is to build a systemthat predictsthe next input symbolbasedon the

previous input symbols. The classi cationtaskis only to decidewhethera nite input

sequenceavasgrammaticabr not. Thereasorfor this differentapproachs motivatedby

thefactthat,givenasentenceary native spealer canimmediatelyidentify its grammatical
statuswithout consciouslyperformingary continuougredictiontask. To testthe ability of

thenetworksto generalizéo longersentenceghe networksaretrainedon relatively short
sequenceandthentestedwith longersequences.

Theinputto thenetworksis a sequencef symbols.Sincethealphabebf symbolsis small
(6 for the regulargrammay and58 for Englishgrammar;seethe Experimentssection),a
“one-hot” encodingof theinput is used;thereis a one-to-onemappingbetweensymbols
andinput units,andonly oneinput unit hashigh activationat a time. The networks have
oneoutputunitwhichis activatedafterthelastsymbolof asequencés inputto thenetwork
to indicatethatthe sequencevasgrammatical.

2.1 Elman networks

In [1], EImanproposes simplerecurrentneuralnetwork model. The EImannetwork con-
sistsof aninputlayer, afully connectediddenlayer, andanoutputlayer Theconnections
betweenthe hiddenunits are the only recurrentconnectionsand the activations of the
hiddenunits encodethe internalstateof the network. To determinethe activationsof the
hiddenunits,eachhiddenunit calculates weightedsumof theinputs,andaweightedsum
of theactivationsof the hiddenunitsduringthe previoustime-step.(see gure 2)

To train an ElIman network, the gradientof the error with respectto the weightsis cal-
culated,andthe weightsareincrementallyadjustedo reducethe error. Backpropagation
ThroughTime (BPTT) is usedto calculatethis gradient. Sincethe sequenceareof nite
length,the exactgradientcanbe usedandthereis no needfor truncation.

To improve the ef ciency of the training, several methodsfrom [8] areimplemented.[8]
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Figure 1: The EImannetwork canbe interpretedas storingthe currentactivationsof the
hiddenunitsto beusedin thecalculationof thefuture activationsof the hiddenunits. Solid
arrows indicateweightedconnectiongrom every unit in the originatinglayerto every unit
in the destinationlayer The dashedarron indicatesthe hiddenlayer storingits activa-
tions for usein the next time-step,not weightedconnections.All non-inputunits have a
connectiorfrom a biasunit, whichis notshovn.

HIDDEN LAYER (T-1)

suggestsan activation function called “funny-tanh” leadsto fastercorvergence,but the
logistic sigmoidwasexperimentallyfoundto work better Targetvaluesof 0.8and0.2 are
usedinsteadof 1.0 and 0.0, to preventthe weightsfrom beingdrivento in nity . Small
momentunterms(usually.1) areaddedto damperoscillationsof the weightadjustments.
Both batchandstochastidearningwereimplementedbut stochastidearningwasfoundto
be muchfasterandis usedfor all experiments.Thelearningratescheduleusedin [5] was
implementedbut foundto be not muchbetterthana constantearningrate , which
is usedin all experimentsTheinitial weightsarechoserrandomly but scaledsothatunits
areexpectedo startoutin the nearlinearregion of thelogistic sigmoid.

2.2 Long short-term memory networks

Onedif culty in training simplerecurrentneuralnetworkswith BPTT is thatthe gradient
of the error with respecto previousinputs quickly vanishesasthe time lag betweenthe
outputandthe relevantinput increaseg2]. For this reasonit canbe dif cult to teacha

network to remembewraluesfor an extendedperiodof time, especiallywheninput values
are always mary time-stepsbeforethe outputsthey affect. Long Short-Term Memory
(LSTM) networksattemptto overcomethis dif culty andhave beenshavnto quickly learn
to rememberassociationdetweenoutputsand relevant inputs even when the minimum

time lag betweerthe two is morethan1000time-stepsLSTM networks arecomposef

specialmemoryunits with self-connectionsf weight 1.0 anda linear activation function

(theidentity function),called“constanterrorcarousels{CECs).Thisrecurrentonnection
causeshe o w of error, backwardsthroughtime, to remainconstant Speciaimultiplicative

units, calledinput and outputgates,learnwhento allow accesgo the CEC basedon the

currentinput andthe memorycell outputat the previoustime-step[4]. Recently [9] has
suggestedwo improvementdo the basicLSTM memorycell architecturethe additionof

“for getgates”which candecideto resetthe CEC,andallowing thegatesto usethecontents
of the CECasinputs,through“peepholeconnection$. (see gure 2)

This paperusesthe LSTM architecturextendedwith forgetgatesand peepholeconnec-
tions. This wasfound to corverge fasterthanthe basicLSTM architecture. Originally,
BPTT was usedto train LSTM networks by calculatingthe gradientof the outputerror
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Figure2: This shovs onememorycell of the LSTM network with peepholeconnections
and forget gates. All incoming connectionsare from the input layer, the output of the

memory cells during the previous time-step,and a bias unit (with activation 1.0). The

subscript indexesforgetgates,in indexesinput gates,out indexesoutputgates,andc

indexesmemorycells. Theinputto thememorycell g is multiplied by theactivation

of theinput gatey . Similarly, the outputof the memorycell is the internal stateof the

memorycell S timestheactivationof theoutputgatey . (gure from[9])

with respecto the weights. In the developmentof this algorithm, the gradientwascom-
paredto anapproximatiorby weightperturbationgo ensureBPTT wascorrectlymodi ed

to accountfor multiplicative gates.Updatingthe weightsof the network by simply moving

themagainstthe error gradientdid not teachthe networks ary morethanthe outputbias,
evenafterhoursof training. For this reasorthe LSTM training procedureresentedn [9],

whichis afusionof truncatedBPTT andamodi ed versionof real-timerecurrenfearning
(RTRL), is usedfor all experiments.

As with EImannetworks,a scheduledearningratedid not seemto increaseperformance,
soa constaniearningrate is used. Biasweightsto the input gates forgetgates,
and outputgatesareinitialized to 1.0, 2.0, and-2.0 respectiely, which was empirically
foundin [2] to increaseperformance.

2.3 NaiveBayes

To provide a baselinefor comparisona simple Naive Bayes(NB) classi er is trainedto
learnEnglishgrammar The sequenceto be classi ed aresequencesf word tags,dravn
from a setof 58 tags(seethe next section). Thetype of NB classi er is the multi-variate
Bernoulli modeldescribedn [10]. The featuresareorderedpairsof adjacentword tags.
Giventhis set  of features,eachdimensionof the featurespace

correspondso anorderedpair of wordtags, . We associatevith eachsentence theset
of indicatorvariables  whichequals if sentence containdeature ,and otherwise.
To classifya sentencewe make the naive Bayesassumptionthe probability of eachword
tagpair occurringin a sentencés independenotf the occurrencef otherword tag pairsin
the sentencegiventhe class.The probability of asentence beinggeneratedy class

is thenthe productof the probability of eachfeatureoverthe entiresetof features
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The parameter®f the model, , arethe probabilities for eachfeature and
eachclass . Themaximuma posterioriestimate®f theseprobabilitiesarethe commonly
usedfrequeng counts

)

where isoneif isin class andzerootherwise.The and areusedto

de ne theLaplacepriors,andweredeterminedxperimentallyto work well. Thesevalues
preventprobabilitiesfrom vanishingf anovel sentenceontainsafeatureneverseenn the
trainingset,while emphasizingheimportanceof theobsenedword pairtagsmorethanthe
unobseredones.For this papertwo NB classi ersweretrained,onefor the grammatical
sentencesand one for the ungrammaticakentences.A novel sentencess classi ed as
grammaticalf the probability of it beinggeneratedby the grammaticakentencelassi er
is higherthantheprobabilityof it beinggeneratethy theungrammaticatentencelassi er.

(Se€[10] for amoredetaileddiscussiorof multi-variateBernoulliNB classi ers.)

3 Experiments

3.1 Simpleregulargrammar

The rst testis to distinguishbetweentwo similar regulargrammars,

and . This taskrequiresonebit of memory whetherthe rst charac-
terwasan ora . Foraneuralnetwork to correctly classifya sequencesomeinternal
representationf that bit of knowledgemust persistthroughthe presentatiorof an arbi-
trary numberof “distractorsymbols; the 'sandthe 's,until the presentatiomf the nal
symbol.

3.2 English grammar

The secondtestis to learnthe grammarof simple English sentencesThe sentencesre

drawvn from the SUSANNE corpus,a 130,000word subsetof the BROWN corpuscon-

sisting of written AmericanEnglish. The sentencesisedfor this experimentare simple,

grammatical,non-questionsvithout punctuation. The SUSANNE corpusis taggedac-

cordingto the schemede ned in [7] which consistsof 353 differentword tags. For this

experiment,the SUSANNEtagsets reducedo 58 tagsby groupingthe original tagsinto

logical categories. This reducedagsetconsistf the commonlyacceptegartsof speech
dividedinto sub-catgories.For example,nounsaredividedinto threecateyoriessingular

plural,andambiguougie “ sh”) andpronounsaredividedby personandcase.More than

half of these58 tagsare verbs. In orderfor the reducedtagsetto be descriptve enough
to containbasicgrammaticainformation,verbsare divided by conjugationor participle,

tenseandobligatorytransitive or intransitve (or ambiguous).Therearealsospecialtags
for forms of the verb “be,” “have; and“do,” aswell astagsfor modalverbsand other
specialverbs.

To constructungrammaticakentencesor usein training, eachgrammaticalentencess
alteredin the following way. For eachtagin the sentencethe tagsetis partitionedinto
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Figure3: This gure shows the progresof an EImannetwork learningthe simpleregular
grammar

thosetagsthat could legally replaceit, andthosetagsthat could not, givenall othertags
in the sentence.This methodproducesmary examplesof ungrammaticatag sequences
andit hasthe side-efect of producingmore positive training examples.For example,the
SUSANNE corpuscontains37 distinctgrammaticatag sequencesf lengththree. Using
the methodoutlinedabove, this is extendedto 622 more grammaticatag sequencesnd
4274ungrammaticalag sequences.

This methodof creatingnegative trainingexampleshasthe propertythateachungrammati-
caltagsequencdiffersfrom agrammaticakequencé only onetag. Thesenegativetrain-
ing exampleslie nearthe boundarybetweengrammaticaland ungrammaticakequences,
and are thereforemore usefulfrom a learningperspectie than otherungrammaticake-
guencessuchas ve coordinatingconjunctionsn arow.

4 Results

4.1 Simpleregular grammar

Figure3 shovstheprogres®f anElmannetwork learningto distinguishthe simpleregular
grammarsiescribedn theprevioussection.Thenetwork hastenhiddenunitsandis trained
with a learningrate of 0.5 anda momentumfactor of 0.1. The training set consistsof
1000sequencesf uniform randomlengthfrom 2 to 15, divided evenly betweerthe two
grammars. The hold-out set consistsof 200 sequencesf uniform randomlength from
2 to 30, alsodivided evenly. After training, this network generalizeperfectly correctly
classifyingall testsequencesyhichrangein lengthfrom 50to 10,000.Thenetwork learns
theability to storevaluesinde nitely until theinputbecomeselevant.

Figure4 shavstheprogresof aLSTM network learningthe simpleregulargrammar The
network hasthreememorycellsandis trainedwith alearningrateof 0.1andamomentum
factorof 0.1. A LSTM network with threememorycells containsapproximatelythe same
numberof adjustablearameterasanElmannetwork with tenhiddenunits (usedin gure
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Figure4: This gure shavsthe progresof a LSTM network learningthe simpleregular
grammar

3). The sametraining and hold-out setsare usedas with the Elman network. Despite
thefactthatthe normalizedmean-squared-errdNMSE) never dropsmuchbelow 1.0, the
misclassi cationrateof thetrainingdataapproacheaminimumof about20 percent After
training, this network shaws virtually no ability to generalizeo longersequences.

Clearlya Naive Bayesclassi er cannotlearnthis grammarfor sequencesf lengthgreater
thantwo, sothatmethodof classi cationis nottested.

4.2 English grammar

Figure5 shavs the progresof an EImannetwork learningEnglishgrammar Thetraining

setconsistsof approximatelyl2,000grammaticabndungrammaticasentencesf length
two, three,or four. The hold-outsetconsistof 230sentencesf length ve. The network

hastwenty threehiddenunits andis trainedwith a learningrateof 0.1 anda momentum
factorof 0.1. Despiteclassifyingthetraining datawith only two percenterror, thehold-out
datais never classi ed moreaccuratelythanwith 22 percenterror (atthe epoch).

Figure 6 shavs the progressof a LSTM network learning English grammar The same
trainingandhold-outsetsareusedaswith the EImannetwork. The network hassix mem-
ory cellsandis trainedwith alearningrateof 0.1 anda momentunfactorof 0.1. A LSTM

network with six memorycells containsapproximateljthe samenumberof adjustablepa-
rametersas an ElIman network with twenty three hiddenunits (usedin gure 5). This
network doesnot learnthe training datanearlyaswell asthe EImannetwork, but the best
generalizatiorio the hold-outdata,atthe epochhasacomparable3 percenterror.

Figure 7 shaws the ability of both networks to generalizeto longer sentencesFor each
sentencéength,the samenumberof grammaticabndungrammaticatequencearetested
(so guessingandomlywould yield an accurag of 0.5). The accurag of a Naive Bayes
classi er trainedon bigramsof adjacentword tagsis also shavn for comparison. Nei-

ther network clearly generalizedbetterthanthe Naive Bayesclassi er, thoughthe Elman
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Figure7: This gure shavstheability of trainedEImanandLSTM networksto generalize
to sentence$ongerthanthosein the training set. The vertical dottedlines separatehe
classi cationaccurag of the training data,on the left, the classi cation accurag of the
hold-outdata,andtheclassi cationaccurag of novel data,on theright.

network shavs somavhatmoregracefuldegradation.

5 Conclusions

The resultsof the networks learningthe English grammarand being able to generalize
were generallymuchlesssuccessfuthanthosereportedin [1] and[5]. Clearly, the NB
classi erisinsufcient for recognizinggeneralgrammaticabtructurespanningmorethan
two words. Thatthe networks did not classifylong sentencebetterthanthe NB classi er
indicatesthat the hierarchicalgrammaticalrelationshipsin [1] and[5] werenot learned.
This is possiblydueto the fact that the taskin this paperis differentin several respects
from thetasksin thosepapers.

First, aspreviously stated the taskat handis to classifysequenceasgrammaticabr not
aftertheir presentatiorio the network. While this may seemlik e an easiertaskthancon-
tinuously predictingthe next symbol of a sequenceit allows for fewer opportunitiesto
modify the network behaior. An error signalis generatedvheneer the network output
differsfrom the targetoutput,if oneexists. In a continuougpredictiontaska targetoutput
exists for every time-step,resultingin an error signalbeinggeneratedandweightsbeing
updatedevery time-step.However, in a sequencelassi cationtask,only oneerrorsignal
is generatedvery time acompletesequencés presentedo the network. Theresultis that
theclassi cationtaskprovidesfewer opportunitiego correctthe network behavior.

Anotherdifferencds thatthetaskattemptedhereusesmary morewordtagsthanthoseused
in [1], [2], and[5], which usedabout20 differentinput symbols.The goalwasto provide
aminimal setof tagsthatcouldencodeasmuchgrammaticainformationaspossible.The
taskin this paperwasto learna subsebf Englishgrammarthatwasmuchlessrestrictve
thanthosein [1] and[5], andwasthereforemoredif cult.



The natureof the generalizatiorthat wastestedin this paperwas differentfrom that of
[1] and[5]. Thosepaperdrainedandtestednetworkson sentencesf comparabldength.
Here, the goal was to provide a training set consistingof shortsentencesvith as mary
differentgrammaticalstructuresas possible,and thentest the ability of the networks to
apply knowledgeof thosestructurego classifylongersentencesThe networks were not
ableto classifylong sentenceary betterthanguessingandomly Futurework shouldin-
cludeanexplorationof trendsin themisclassi cationof longersentencegjo misclassi ed
sentencesontainstructuresiotseenin thetrainingsentences?

Perhapshelengthof thetrainingsentencesvastoo smallto containa large sampleof the
commongrammaticaktructurefoundin English. This possibilityis supportedy thefact
thatthe EImannetwork learnedthe Englishtraining dataso well, generalizedeasonably
well to sentencesneword longer, but did not generalizewell to longer sentencessen-
tencedifferingin lengthby only oneword seenlik ely to containcomparablegrammatical
structuresThis couldbe exploredby increasinghelengthof sentence thetrainingand
testsets.

Theseneggative resultsshouldnot beinterpretecasevidencethatrecurrentneuralnetworks
cannotlearnEnglish (indeed,humanbrainsdemonstrat®therwise) but they suggesthat
the speci ¢ taskrequiredof the networksin this paperis inherentlydif cult. Whensen-
tencesare reducedto sequencesf word tags,the task of learninga naturallanguageis
changedo the point thatary biological inspirationfor training arti cial neuralnetworks
nolongerapplieswordtagsarenotthelinguistic dataon which biologicalneuralnetworks
naturallyoperate.As previously statedany native spealer canquickly classifysentences
asgrammaticalor ungrammaticalhowever classi cation of word tag sequencess much
slower. Incidentally this madethe creationof thedatasetusedfor Englishgrammaiearn-
ing a very slow process.The “point” of languagds to representdeas,andthereforethe
ultimate goal of a naturallanguagemodel shouldbe to infer the ideasand conceptsex-
pressedn a sentenceandinferring the grammarof tag sequencesloesnot necessarily
bring uscloserto this goal.

Identifying the grammaticaktructureof a sentencés certainlya greatsteptowardsinfer-
ring its meaning however doing so usingonly word tagsignoresthe interactionshetween
the semanticsand the syntax[1]. Considerthe fragment“natural languageprocessing
systemi. Dependingon the context, this canmeaneithera systemfor processingnatural
languageor anaturalsystem(ie biological)for processindganguage Decidingwhichnoun
“natural” modi es is impossiblewith just word tags. To completelyinfer the meaningof
thefragment somesemantiknowledgeof the context mustbelearned.

The previous exampleillustratesthe role of semanticinteractionsin grammaticaldisam-
biguation. Anothertypeis of semantidnteractionis whenit “f acilitates[the] parsing[of]
structureswvhich areotherwisehardto procesg1].” Considertwo examplesentencefrom
[1]: “The catthe dogthe mousesav chasedran away” and“The planetthe astronomer
the university hired sav exploded: The seconds mucheasierto parsebecausave know
that planetsexplode, astronomersee,and universitieshire, whereasn the rst sentence
semanticinteractionsdo not help. Cats,dogs,and mice canall see,chase,andrun. A
completemodel of languageshouldbe ableto usethe semanticinteractionsto aid pars-
ing. This examplealsoillustratesthatthe dif culties humanshave parsinggrammatically
unambiguousentencesanbe highly dependentn semantidnteractions.

Anotherlinguistic taskthat computationalanguagemodelsmustexplain is the resolution
of ambiguougpronouns.Thistaskis alsogreatlyfacilitatedby consideringsemantidanter-
actions. For example,in the sentencél droppedthe glassonthe oor andit broke’ the
pronoun“it” mostlikely refersto “glass” andnot “ oor ,” but discovering that reference
requiresheknowledgethat“glass”and“break” is amuchmoreprobablesubject-predicate
pair than“ oor” and“break’ This resolutionwould alsobe impossibleusingonly word



tags.

Futurenaturallanguageprocessingnodelsmusteventuallyincludethe capabilityto learn
semantidnteractionsandcontet. Therestrictionof amodelto partof speechinformation
clearlyprecludeghis capabilityandhasno obviousbiological counterpart.
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