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Abstract

This papercomparesthe performanceof two recurrentneuralnetwork
modelslearningthegrammarof simpleEnglishsentencesandintroduces
a methodfor creatinguseful negative training examplesfrom a set of
grammaticalsentences.Thelearningtaskis castasaclassi�cationprob-
lem asopposedto a predictionproblem;networksaretaughtto classify
a givensequenceasgrammaticalor ungrammatical.Thetwo neuralnet-
work modelscomparedarethe simplearchitectureproposedby Elman
in [1], andtheLongShort-TermMemory(LSTM) network from [4]. For
comparison,a Naive Bayes(NB) classi�er is alsotrainedwith bigrams
to accomplishthis task.Only theElmannetwork learnsthetrainingdata
betterthanNB, andneithernetwork generalizesbetterthanNB on sen-
tenceslongerthanthe trainingsentences.TheLSTM network doesnot
generalizeaswell asthe Elmannetwork on a simpleregular grammar,
but showscomparableability to generalizeknowledgeof EnglishGram-
mar.

1 Background

Recurrentneuralnetworks(RNNs)arewidely usedassequenceprocessingdevices.More
traditionalmodels,suchastheHiddenMarkov Model (HMM), arecon�ned to a discrete
statespace,whereasstateis representedin a RNN by the patternof activation of hidden
units,eachof which is typically composedof continuousvalues[2]. Because�nite-state
modelscannotrepresentthecomplex structurescommonlyfoundin naturallanguage,many
researchershave developedRNN architecturesto be usedfor grammaticalinference[5].
RNNsexhibit complex dynamicalbehavior andhave beenshown capableof representing
thesestructures[5].

Thereare currently many differentarchitecturesand typesof RNNs in use. One issue
this paperaddressesis whetherthepurportedbene�tsof recentRNN modelsoutweighthe
bene�t of simplicity of oldermodelsin thedomainof grammaticalinference.Speci�cally
two typesof networksarecompared,thesimplerecurrentnetwork proposedby Elmanand
usedin [1] and [5] to infer the grammarof naturallanguage,and the Long Short-Term
Memorynetworksusedin [2] to learnsimplegrammars.

Classifyingsentencesascorrector incorrectEnglishclearlyrequiresmemory. Forexample,



a classi�er needsto rememberwhethera subjectwasplural or singularsowhentheverb
appears,agreementcanbechecked.Therecurrentbackpropagationalgorithm(BPTT) can
take a very long time to teacha network to rememberinformation. LSTM networkshave
beenshown to learnto remembermuchmorequickly andreliably, but it is not clearthat
parsingEnglishrequiresmemoryover time intervalslong enoughto giveLSTM networks
anadvantageoversimplenetworksusingBPTT[4]. To attemptto answerthisquestion,the
ability of thenetworks to learnto rememberis directly investigatedwith a simpleregular
grammar. ThenthenetworksaretaughtEnglishgrammar.

Anotherissueinvestigatedhereis theextentto whichthegrammarinferredfrom shortsen-
tencescanbe usedto classify longersentences.Certainly, longersentencesarelikely to
containsomestructuresnot presentin shortsentences,suchasnestedclausesandphrases;
however, in many cases,shortsentencescanbe usedto learnhierarchicalstructuresthat
canbecombinedto form longersentences.For example,a shortsentencemight containa
participialphraseasasubjectandanothershortsentencemightcontainaparticipialphrase
asa directobject.If this rule, thatparticipialphrasescanbeusedwherenounsareused,is
correctlylearned,a longersentencein whichboththesubjectanddirectobjectareparticip-
ial phrasesshouldbecorrectlyclassi�ed. In [1] Elmaninvestigatestheability of RNNsto
learnthesehierarchies,but not theextentto whichthey canbelearnedfrom shortsentences
andappliedto long sentences.

2 Experimental design

The taskof thenetworks is to decideif a givensymbolicsequenceis grammaticalor un-
grammatical.This differsfrom theusualapproach([1] and[2], for example)to grammat-
ical inferencewhich is to build a systemthatpredictsthenext input symbolbasedon the
previous input symbols. The classi�cation task is only to decidewhethera �nite input
sequencewasgrammaticalor not. Thereasonfor this differentapproachis motivatedby
thefactthat,givenasentence,any nativespeakercanimmediatelyidentify its grammatical
statuswithoutconsciouslyperformingany continuouspredictiontask.To testtheability of
thenetworksto generalizeto longersentences,thenetworksaretrainedon relatively short
sequencesandthentestedwith longersequences.

Theinput to thenetworksis asequenceof symbols.Sincethealphabetof symbolsis small
(6 for the regulargrammar, and58 for Englishgrammar;seetheExperimentssection),a
“one-hot” encodingof the input is used;thereis a one-to-onemappingbetweensymbols
andinput units,andonly oneinput unit hashigh activationat a time. Thenetworkshave
oneoutputunit whichis activatedafterthelastsymbolof asequenceis input to thenetwork
to indicatethatthesequencewasgrammatical.

2.1 Elman networks

In [1], Elmanproposesasimplerecurrentneuralnetwork model.TheElmannetwork con-
sistsof aninput layer, a fully connectedhiddenlayer, andanoutputlayer. Theconnections
betweenthe hiddenunits are the only recurrentconnections,and the activationsof the
hiddenunitsencodethe internalstateof thenetwork. To determinetheactivationsof the
hiddenunits,eachhiddenunit calculatesaweightedsumof theinputs,andaweightedsum
of theactivationsof thehiddenunitsduringtheprevioustime-step.(see�gure 2)

To train an Elmannetwork, the gradientof the error with respectto the weightsis cal-
culated,andtheweightsareincrementallyadjustedto reducetheerror. Backpropagation
ThroughTime (BPTT) is usedto calculatethis gradient.Sincethesequencesareof �nite
length,theexactgradientcanbeusedandthereis noneedfor truncation.

To improve theef�ciency of the training,severalmethodsfrom [8] areimplemented.[8]
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Figure1: The Elmannetwork canbe interpretedasstoringthe currentactivationsof the
hiddenunitsto beusedin thecalculationof thefutureactivationsof thehiddenunits.Solid
arrows indicateweightedconnectionsfrom everyunit in theoriginatinglayerto everyunit
in the destinationlayer. The dashedarrow indicatesthe hiddenlayer storing its activa-
tions for usein the next time-step,not weightedconnections.All non-inputunits have a
connectionfrom a biasunit, which is not shown.

suggestsan activation function called “funny-tanh” leadsto fasterconvergence,but the
logistic sigmoidwasexperimentallyfoundto work better. Targetvaluesof 0.8and0.2are
usedinsteadof 1.0 and0.0, to prevent the weightsfrom beingdriven to in�nity . Small
momentumterms(usually.1) areaddedto dampenoscillationsof theweightadjustments.
Bothbatchandstochasticlearningwereimplemented,but stochasticlearningwasfoundto
bemuchfasterandis usedfor all experiments.Thelearningratescheduleusedin [5] was
implemented,but foundto benotmuchbetterthana constantlearningrate
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, which
is usedin all experiments.Theinitial weightsarechosenrandomly, but scaledsothatunits
areexpectedto startout in thenear-linearregionof thelogisticsigmoid.

2.2 Long short-term memory networks

Onedif�culty in trainingsimplerecurrentneuralnetworkswith BPTT is that thegradient
of the error with respectto previous inputsquickly vanishesasthe time lag betweenthe
outputand the relevant input increases[2]. For this reasonit canbe dif�cult to teacha
network to remembervaluesfor anextendedperiodof time, especiallywheninput values
are always many time-stepsbeforethe outputsthey affect. Long Short-Term Memory
(LSTM) networksattemptto overcomethisdif�culty andhavebeenshown to quickly learn
to rememberassociationsbetweenoutputsand relevant inputs even when the minimum
time lag betweenthetwo is morethan1000time-steps.LSTM networksarecomposedof
specialmemoryunitswith self-connectionsof weight1.0 anda linearactivation function
(theidentity function),called“constanterrorcarousels”(CECs).This recurrentconnection
causesthe�o w of error, backwardsthroughtime,to remainconstant.Specialmultiplicative
units, calledinput andoutputgates,learnwhento allow accessto the CEC basedon the
currentinput andthe memorycell outputat theprevious time-step[4]. Recently, [9] has
suggestedtwo improvementsto thebasicLSTM memorycell architecture,theadditionof
“forgetgates”whichcandecideto resettheCEC,andallowing thegatesto usethecontents
of theCECasinputs,through“peepholeconnections.” (see�gure 2)

This paperusestheLSTM architectureextendedwith forgetgatesandpeepholeconnec-
tions. This was found to converge fasterthan the basicLSTM architecture.Originally,
BPTT wasusedto train LSTM networks by calculatingthe gradientof the outputerror
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is multipliedby theactivation
of the input gatey ��� . Similarly, theoutputof thememorycell is the internalstateof the
memorycell S

�

timestheactivationof theoutputgatey ����� . (�gure from [9])

with respectto theweights. In thedevelopmentof this algorithm,thegradientwascom-
paredto anapproximationby weightperturbationsto ensureBPTTwascorrectlymodi�ed
to accountfor multiplicativegates.Updatingtheweightsof thenetwork by simplymoving
themagainsttheerrorgradientdid not teachthenetworksany morethantheoutputbias,
evenafterhoursof training.For this reasontheLSTM trainingprocedurepresentedin [9],
which is a fusionof truncatedBPTTandamodi�ed versionof real-timerecurrentlearning
(RTRL), is usedfor all experiments.

As with Elmannetworks,a scheduledlearningratedid not seemto increaseperformance,
soa constantlearningrate
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is used.Biasweightsto the input gates,forgetgates,
andoutputgatesare initialized to 1.0, 2.0, and-2.0 respectively, which wasempirically
foundin [2] to increaseperformance.

2.3 NaiveBayes

To provide a baselinefor comparison,a simpleNaive Bayes(NB) classi�er is trainedto
learnEnglishgrammar. Thesequencesto beclassi�edaresequencesof word tags,drawn
from a setof 58 tags(seethenext section).Thetypeof NB classi�er is themulti-variate
Bernoulli modeldescribedin [10]. The featuresareorderedpairsof adjacentword tags.
Given this set � of

�
 "!

features,eachdimensionof the featurespace
�$#��&%('"�"#)������#�*

�

*,+

correspondsto anorderedpair of word tags,-

�

. We associatewith eachsentence.

�

theset
of indicatorvariables/

���

whichequals
�

if sentence.

�

containsfeature-

�

, and
�

otherwise.
To classifya sentence,we make thenaiveBayesassumption:theprobabilityof eachword
tagpair occurringin a sentenceis independentof theoccurrenceof otherword tagpairsin
thesentence,giventheclass.Theprobabilityof a sentence.

�

beinggeneratedby class0�1

is thentheproductof theprobabilityof eachfeatureover theentiresetof features
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The parametersof the model,
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, arethe probabilities
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eachclass0 1 . Themaximumaposterioriestimatesof theseprobabilitiesarethecommonly
usedfrequency counts
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is one if .
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is in class 0�1 andzerootherwise. The
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and
��M

areusedto
de�ne theLaplacepriors,andweredeterminedexperimentallyto work well. Thesevalues
preventprobabilitiesfrom vanishingif anovel sentencecontainsafeatureneverseenin the
trainingset,while emphasizingtheimportanceof theobservedwordpairtagsmorethanthe
unobservedones.For this paper, two NB classi�ersweretrained,onefor thegrammatical
sentences,andone for the ungrammaticalsentences.A novel sentencesis classi�ed as
grammaticalif theprobabilityof it beinggeneratedby thegrammaticalsentenceclassi�er
is higherthantheprobabilityof it beinggeneratedby theungrammaticalsentenceclassi�er.
(See[10] for a moredetaileddiscussionof multi-variateBernoulliNB classi�ers.)

3 Experiments

3.1 Simple regular grammar

The�rst testis to distinguishbetweentwo similar regulargrammars,N

�O�P*

-

	$Q

0

*
RS�T�P*

-

	3QDU

and N

�T�P*

-

	�Q)UV*PRW�T�P*

-

	�Q

0 . This taskrequiresonebit of memory, whetherthe �rst charac-
ter wasan N or a

R

. For a neuralnetwork to correctlyclassifya sequence,someinternal
representationof that bit of knowledgemustpersistthroughthe presentationof an arbi-
trary numberof “distractorsymbols,” the

�

's andthe - 's,until thepresentationof the�nal
symbol.

3.2 English grammar

The secondtest is to learnthe grammarof simpleEnglishsentences.The sentencesare
drawn from the SUSANNEcorpus,a 130,000word subsetof the BROWN corpuscon-
sistingof written AmericanEnglish. The sentencesusedfor this experimentaresimple,
grammatical,non-questionswithout punctuation. The SUSANNE corpusis taggedac-
cordingto the schemede�ned in [7] which consistsof 353 differentword tags. For this
experiment,theSUSANNEtagsetis reducedto 58 tagsby groupingtheoriginal tagsinto
logical categories.This reducedtagsetconsistsof thecommonlyacceptedpartsof speech
dividedinto sub-categories.For example,nounsaredividedinto threecategoriessingular,
plural,andambiguous(ie “�sh”) andpronounsaredividedby personandcase.More than
half of these58 tagsareverbs. In order for the reducedtagsetto be descriptive enough
to containbasicgrammaticalinformation,verbsaredividedby conjugationor participle,
tense,andobligatorytransitive or intransitive (or ambiguous).Therearealsospecialtags
for forms of the verb “be,” “have,” and“do,” aswell as tagsfor modalverbsandother
specialverbs.

To constructungrammaticalsentencesfor usein training, eachgrammaticalsentencesis
alteredin the following way. For eachtag in the sentence,the tagsetis partitionedinto
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Figure3: This �gure shows theprogressof anElmannetwork learningthesimpleregular
grammar.

thosetagsthat could legally replaceit, andthosetagsthat could not, givenall othertags
in the sentence.This methodproducesmany examplesof ungrammaticaltag sequences
andit hastheside-effect of producingmorepositive trainingexamples.For example,the
SUSANNEcorpuscontains37 distinctgrammaticaltagsequencesof lengththree.Using
themethodoutlinedabove, this is extendedto 622moregrammaticaltagsequences,and
4274ungrammaticaltagsequences.

Thismethodof creatingnegativetrainingexampleshasthepropertythateachungrammati-
cal tagsequencediffersfrom agrammaticalsequencein only onetag.Thesenegativetrain-
ing exampleslie nearthe boundarybetweengrammaticalandungrammaticalsequences,
andare thereforemoreuseful from a learningperspective thanotherungrammaticalse-
quences,suchas� vecoordinatingconjunctionsin a row.

4 Results

4.1 Simple regular grammar

Figure3 showstheprogressof anElmannetwork learningto distinguishthesimpleregular
grammarsdescribedin theprevioussection.Thenetworkhastenhiddenunitsandis trained
with a learningrate of 0.5 anda momentumfactorof 0.1. The training setconsistsof
1000sequencesof uniform randomlengthfrom 2 to 15, dividedevenly betweenthe two
grammars.The hold-out set consistsof 200 sequencesof uniform randomlength from
2 to 30, alsodivided evenly. After training, this network generalizesperfectly, correctly
classifyingall testsequences,whichrangein lengthfrom 50to 10,000.Thenetwork learns
theability to storevaluesinde�nitely until theinputbecomesrelevant.

Figure4 showstheprogressof aLSTM network learningthesimpleregulargrammar. The
network hasthreememorycellsandis trainedwith a learningrateof 0.1anda momentum
factorof 0.1. A LSTM network with threememorycellscontainsapproximatelythesame
numberof adjustableparametersasanElmannetwork with tenhiddenunits(usedin �gure
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Figure4: This �gure shows theprogressof a LSTM network learningthesimpleregular
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3). The sametraining and hold-out setsare usedas with the Elman network. Despite
thefactthatthenormalizedmean-squared-error(NMSE) neverdropsmuchbelow 1.0,the
misclassi�cationrateof thetrainingdataapproachesaminimumof about20percent.After
training,this network showsvirtually noability to generalizeto longersequences.

Clearlya NaiveBayesclassi�er cannotlearnthis grammarfor sequencesof lengthgreater
thantwo, sothatmethodof classi�cationis not tested.

4.2 English grammar

Figure5 shows theprogressof anElmannetwork learningEnglishgrammar. Thetraining
setconsistsof approximately12,000grammaticalandungrammaticalsentencesof length
two, three,or four. Thehold-outsetconsistsof 230sentencesof length� ve. Thenetwork
hastwenty threehiddenunits andis trainedwith a learningrateof 0.1 anda momentum
factorof 0.1.Despiteclassifyingthetrainingdatawith only two percenterror, thehold-out
datais neverclassi�edmoreaccuratelythanwith 22percenterror(at the X

M

�
Y epoch).

Figure6 shows the progressof a LSTM network learningEnglishgrammar. The same
trainingandhold-outsetsareusedaswith theElmannetwork. Thenetwork hassix mem-
ory cellsandis trainedwith a learningrateof 0.1andamomentumfactorof 0.1.A LSTM
network with six memorycellscontainsapproximatelythesamenumberof adjustablepa-
rametersas an Elman network with twenty threehiddenunits (usedin �gure 5). This
network doesnot learnthetrainingdatanearlyaswell astheElmannetwork, but thebest
generalizationto thehold-outdata,at the Z

M

�"Y epoch,hasa comparable23percenterror.

Figure7 shows the ability of both networks to generalizeto longersentences.For each
sentencelength,thesamenumberof grammaticalandungrammaticalsequencesaretested
(so guessingrandomlywould yield an accuracy of 0.5). The accuracy of a Naive Bayes
classi�er trainedon bigramsof adjacentword tagsis also shown for comparison.Nei-
ther network clearly generalizesbetterthantheNaive Bayesclassi�er, thoughtheElman
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network showssomewhatmoregracefuldegradation.

5 Conclusions

The resultsof the networks learningthe English grammarand being able to generalize
weregenerallymuchlesssuccessfulthanthosereportedin [1] and[5]. Clearly, the NB
classi�er is insuf�cient for recognizinggeneralgrammaticalstructuresspanningmorethan
two words.That thenetworksdid not classifylong sentencesbetterthantheNB classi�er
indicatesthat the hierarchicalgrammaticalrelationshipsin [1] and[5] werenot learned.
This is possiblydueto the fact that the task in this paperis different in several respects
from thetasksin thosepapers.

First, aspreviously stated,the taskat handis to classifysequencesasgrammaticalor not
after their presentationto thenetwork. While this mayseemlike aneasiertaskthancon-
tinuouslypredictingthe next symbolof a sequence,it allows for fewer opportunitiesto
modify the network behavior. An error signal is generatedwhenever the network output
differsfrom thetargetoutput,if oneexists. In a continuouspredictiontaska targetoutput
exists for every time-step,resultingin an error signalbeinggeneratedandweightsbeing
updatedevery time-step.However, in a sequenceclassi�cationtask,only oneerrorsignal
is generatedevery timea completesequenceis presentedto thenetwork. Theresultis that
theclassi�cationtaskprovidesfeweropportunitiesto correctthenetwork behavior.

Anotherdifferenceis thatthetaskattemptedhereusesmany morewordtagsthanthoseused
in [1], [2], and[5], which usedabout20 differentinput symbols.Thegoalwasto provide
a minimalsetof tagsthatcouldencodeasmuchgrammaticalinformationaspossible.The
taskin this paperwasto learna subsetof Englishgrammarthatwasmuchlessrestrictive
thanthosein [1] and[5], andwasthereforemoredif�cult.



The natureof the generalizationthat was testedin this paperwasdifferent from that of
[1] and[5]. Thosepaperstrainedandtestednetworkson sentencesof comparablelength.
Here, the goal was to provide a training set consistingof short sentenceswith asmany
differentgrammaticalstructuresaspossible,and then test the ability of the networks to
applyknowledgeof thosestructuresto classifylongersentences.The networkswerenot
ableto classifylong sentencesany betterthanguessingrandomly. Futurework shouldin-
cludeanexplorationof trendsin themisclassi�cationof longersentences;domisclassi�ed
sentencescontainstructuresnotseenin thetrainingsentences?

Perhapsthelengthof thetrainingsentenceswastoo smallto containa largesampleof the
commongrammaticalstructuresfoundin English.Thispossibilityis supportedby thefact
that theElmannetwork learnedtheEnglishtrainingdatasowell, generalizedreasonably
well to sentencesoneword longer, but did not generalizewell to longersentences;sen-
tencesdifferingin lengthby only onewordseemlikely to containcomparablegrammatical
structures.Thiscouldbeexploredby increasingthelengthof sentencesin thetrainingand
testsets.

Thesenegativeresultsshouldnotbeinterpretedasevidencethatrecurrentneuralnetworks
cannotlearnEnglish(indeed,humanbrainsdemonstrateotherwise),but they suggestthat
the speci�c taskrequiredof the networks in this paperis inherentlydif�cult. Whensen-
tencesare reducedto sequencesof word tags,the taskof learninga naturallanguageis
changedto the point thatany biological inspirationfor trainingarti�cial neuralnetworks
nolongerapplies;wordtagsarenot thelinguisticdataonwhichbiologicalneuralnetworks
naturallyoperate.As previously stated,any native speaker canquickly classifysentences
asgrammaticalor ungrammatical,however classi�cationof word tag sequencesis much
slower. Incidentally, thismadethecreationof thedatasetusedfor Englishgrammarlearn-
ing a very slow process.The “point” of languageis to representideas,andthereforethe
ultimategoal of a naturallanguagemodelshouldbe to infer the ideasandconceptsex-
pressedin a sentence,and inferring the grammarof tag sequencesdoesnot necessarily
bringuscloserto this goal.

Identifying thegrammaticalstructureof a sentenceis certainlya greatsteptowardsinfer-
ring its meaning,howeverdoingsousingonly word tagsignorestheinteractionsbetween
the semanticsand the syntax [1]. Considerthe fragment“natural languageprocessing
system.” Dependingon thecontext, this canmeaneithera systemfor processingnatural
language,or anaturalsystem(ie biological)for processinglanguage.Decidingwhichnoun
“natural” modi�es is impossiblewith just word tags. To completelyinfer themeaningof
thefragment,somesemanticknowledgeof thecontext mustbelearned.

The previous exampleillustratesthe role of semanticinteractionsin grammaticaldisam-
biguation.Anothertypeis of semanticinteractionis whenit “f acilitates[the] parsing[of]
structureswhichareotherwisehardto process[1].” Considertwo examplesentencesfrom
[1]: “The cat the dog the mousesaw chasedran away” and“The planetthe astronomer
theuniversityhiredsaw exploded.” Thesecondis mucheasierto parsebecausewe know
that planetsexplode,astronomerssee,anduniversitieshire, whereasin the �rst sentence
semanticinteractionsdo not help. Cats,dogs,andmice canall see,chase,and run. A
completemodelof languageshouldbe ableto usethe semanticinteractionsto aid pars-
ing. This examplealsoillustratesthat thedif�culties humanshave parsinggrammatically
unambiguoussentencescanbehighly dependentonsemanticinteractions.

Anotherlinguistic taskthatcomputationallanguagemodelsmustexplain is theresolution
of ambiguouspronouns.This taskis alsogreatlyfacilitatedby consideringsemanticinter-
actions.For example,in thesentence“I droppedtheglasson the �oor andit broke.” the
pronoun“it” most likely refersto “glass” andnot “�oor ,” but discovering that reference
requirestheknowledgethat“glass”and“break” is amuchmoreprobablesubject-predicate
pair than“�oor” and“break.” This resolutionwould alsobe impossibleusingonly word



tags.

Futurenaturallanguageprocessingmodelsmusteventuallyincludethecapabilityto learn
semanticinteractionsandcontext. Therestrictionof amodelto partof speechinformation
clearlyprecludesthiscapabilityandhasnoobviousbiologicalcounterpart.
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