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ABSTRACT

Weinvestigatehe performancef the Structured_anguageModel
whenoneof its componentss modeledby a connectionistnodel.
Usingaconnectionistmodelandadistributedrepresentationf the
itemsin the history makesthe componentbleto usemuchlonger
contets than possiblewith currently usedinterpolatedor back-
off models,bothbecaus@f theinherentcapabilityof the connec-
tionist modelto fight the datasparsenesproblem,and because
of the only sub-lineargrowth in the modelsize whenincreasing
the contet length. Experimentshawv significantimprovementin
perpleity andmoderateeductionin word errorrateoverthebase-
line SLM resultson the UPENN treebankandWall StreetJournal
(WSJ)corporarespectrely. Theresultsalsoshav thatthe proba-
bility distribution obtainedby our modelis muchlesscorrelatedo
regularN-gramsthanthe baselineSLM model.

1. INTRODUCTION

A languagemodelis a main componenbf mary systemslealing
with speechor naturallanguagesuchas SpeechRecognitionor
Machine Translationsystems. N-gram languagemodelsare the
modelsusedin all of thecurrentpracticalstate-of-the-arsystems.
In thesemodelsonly the surface (words only) information, and
thatonly limited to a shortspan(lastN-1 words),is usedto predict
the next word andthe predictionis basedon how oftena givenN-
gramwasseerin thetrainingdata. Thesemodelshave theinherent
disadantageof having ashortcontext availablefor the prediction.
Increasingthe context lengthis nottrivial becauseéhe modelsize
increasesxponentiallywith contet length,makingit impossible
to estimatethe modelparameterseliably evenwith very plentiful
trainingdata.

Therehave beenattemptgto uselongercontets by meansof
inducingsomefeaturefrom thewholepastandusingthem(fewer
parametershanif the correspondingastwasuseditself) for the
prediction. In one suchmethod,the StructuredLanguageModel
(SLM) [1], partialsyntacticaparsesarebuilt onthepastsequence
of wordsand a subsetof information (features)gainedfrom the
parsesis usedto predictthe next word. By usingonly a small
numberof featuresobtainedrom a parseof along past,the Struc-
turedLanguageModel avoidsthedatasparsenegzroblemwithout
limiting itself to a shortcontet. It alsoaddressethe otherprob-
lem with the N-gram models,the use of surface (lexical) words
only, by usinginformationandfeaturesfrom the deepersyntactic
structureof the prefix of the sentence The StructuredLanguage
Model shavs improvementover N-grammodelsin perpleity as
well asin reducinga speectrecognizers word errorrate.

The choiceof the featuresto be usedfor the purposeof pre-
dictionin SLM hasbeenbasedmnostlyonintuition. In theoriginal
SLM work the two previous exposedheadverds and their non-
terminaltagswere chosenfrom amongall the informationavail-
ablein thepartialparse.This decisionwasbasednthebeliefthat
the exposedheadverds have the highestpredictingpower among
all theinformationgainedfrom a partial parse.ldeally onewould
like to useasmuchinformationfrom the partialparsesspossible.
In fact, recentworks[2, 3] have shawvn that usingmoreinforma-
tion in the SLM leadsto significantreductionsin both perpleity
andword errorrateover aregular SLM baselinemodel. However,
the problemis thatthe SLM internal modelsgron exponentially
in sizewith the numberof featuresusedsincethey arestructurally
similarto aword N-grammodel,andin fact,a severedatasparse-
nessproblemwasobsened whenthe numberof conditioningfea-
tureswasincreased.

Thegoalof this paperis to useasmuchinformationfrom the
partial parsesn the Structured_anguageModel aspossiblewhile
avoiding the pitfall of datasparsenessThis requiresusinga dif-
ferentarchitecturefor the SLM internal modelsthan the current
deletedinterpolationor back-of modelsthatarevery vulnerable
to datasparsity

Therehasbeenrecentpromisingwork in usingdistributional
representationf words andneuralnetworks for LanguageMod-
eling [4]. One greatadwantageof this approachis its ability to
fight datasparsenes§.hemodelsizegrows only sub-linearlywith
thenumberof predictingfeaturesused.It hasbeenshavn thatthis
methodmprovesonregularN-grammodelsin bothperpleity and
word errorrate[4, 5]. The ability of the methodto accommodate
longercontets is mostappealingo us. In fact,experimentshave
shavn consistenimprovementsin perpleity andword errorrate
with increasen the context length.

In this paperwe investigatethe impactof usinga neuralnet-
work modelasthe componenof the Structured_anguageModel
thatpredictsthe next word, giving it the ability to usemary more
featureswhile avoiding datasparsenesshanthe original SLM.

Section2 senesasanintroductionto the SLM, emphasizing
on the partswe wantto later modify. In section3 we give a brief
introductionto the neuralnet model and the distributional repre-
sentationof words. Section4 describeshow we usethe neural
network modelin the SLM. Finally, resultsare presentedn Sec-
tion 5.



2. STRUCTURED LANGUAGE MODEL

An extensve presentatiorof the SLM canbe foundin [1]. The
model assignsa probability P(W,T') to every sentencd/ and
every possiblebinary parseT’ of W. The terminalsof T' arethe
wordsof W with POStags,andthenodesof T areannotatedvith
phraseheadverds andnon-terminallabels. Let W be a sentence

h_{-m}=(<s> SB) h_{-1} h_0 = (h_0O.word, h_0.tag)

(<s>,SB) ... (w_p, t_p) (w_{p+1}, t_{p+1}) ........ (W_K, t_K) w_{k+1}.... </s>

Fig. 1. A word-parsek-prefix

of lengthn wordsto which we have prependedhe sentencée-
ginningmarlker <s> andappendedhesentencendmarler</ s>

sothatwy =<s> andwp4+1 =</ s>. Let W = wo ... wy be
the word k-prefix of the sentence— the words from the begin-

ning of the sentenceup to the currentposition k— and W, T},

the word-parse k-prefix Figure 1 shavs a word-parsek-prefix;

h_0, .., h_{-n} aretheexposedheads eachheadbeinga
pair(headvord, non-terminalabel),or (word, POStag)in thecase
of aroot-onlytree. The exposedheadsat a given positionk in the
inputsentencareafunctionof theword-parsek-prefix.

2.1. Probabilistic Model

Thejoint probability P(W, T') of aword sequencéV andacom-
pletepars€eT’ canbebrokeninto:

P(W,T)=
2P (wk (Wi 1Th—1)- Ptk | Wi—1 Tho—1,wi)-

N k k k
[1;2% P(0F [ Wi—1 Thm1,wh tgspt --pE_1)] 1)

where:

® Wi,_1T—1 istheword-parsgk — 1)-prefix

® wy, is theword predictecby WORD-PREDICTOR

e i, isthetagassignedo wy, by the TAGGER

e N, — 1 is the numberof operationghe CONSTRICTOR exe-
cutesat sentencepositionk beforepassingcontrolto the WORD-
PREDICTOR (the N; — th operationat positionk is the nul |
transition); V. is afunctionof T

e p¥ denoteshe i — th CONSTRICTOR operationcarriedout
at positionk in the word string; the operationgperformedby the
CONSTRJCTORensurahatall possiblebinarybranchingparses,
with all possibleheadverd andnon-terminalabelassignmentfor
thew; ... wy word sequence¢anbe generated.The p} ... pk;,
sequencef CONSTRICTOR operationsat positionk grows the
word-parsdk — 1)-prefixinto aword-parsek-prefix.

It is worth noting that we canusea finite statemachine,as
shavn in Figure2, to characterizéhe operationsof the SLM. The
SLM startsfrom the PREDICTOR to predictthe start-of-sentence
symbol.

The SLM is basedn threeprobabilities,P(wx |[Wi—1Tk—1),
P(tg|wy, Wi,_1Tx_1) and P(p¥|W Ty ). Eachof thethreeprob-
abilitiescanbe parameterize(approximatedin differentways,as
we will describen Section5.

The language modelprobability assignmenfor the word at

predict word

PREDICTO

tag word

adjoin_{left,right}

Fig. 2. Finite StateRepresentationf the SLM

positionk + 1 in theinput sentencés madeusing:

Y1y eSy PWkt1|WeTe)-0(Wi, Tk ), 2

P(WiTy)| 1y es,, P(WiTh), (3)

Psrnv (Wet1|We)
p(Wy,Ty) =

whichensures properprobabilitynormalizatiorover stringsiWw *,
whereS}, is thesetof all parsegresentin our stacksatthecurrent
stagek.

3. NEURAL NETWORK MODEL

Recentlya relatively new type of languagemodelhasbeenintro-
ducedwherewordsarerepresentelly pointsin amulti-dimensional
featurespaceandthe probability of a sequencef wordsis com-
putedby meansof a neuralnetwork. The neuralnetwork, having
the featurevectorsof the precedingwordsasits input, estimates
the probability of the next word [4]. The mainideabehindthis
modelis to fight the curseof dimensionalityby interpolatingthe
seensequencem thetrainingdata. The generalizatiorthis model
aimsatis to assigrto anunseer(in trainingdata)word sequence
probability similar to thatof a seenword sequencésentencere-
fix) whosewordsaresimilarto thoseof theunseerword sequence.
The similarity is definedasbeingclosein the multi-dimensional
spacementionedabore.

In brief, this modelcanbe describedasfollows, a feature vec-
tor is associatedvith eachtokenin the input vocahulary, thatis
the vocalulary of all the itemsthat canbe usedfor conditioning.
Thentheconditionalprobability of the next wordis expressedsa
functionof theinputfeaturevectorsby meanof aneuralnetwork.
This probabilityis producedor every possiblenext word from the
outputvocahulary. In generakhereis norelationshipbetweerthe
inputandoutputvocalularies.Thefeaturevectorsandtheparame-
tersof theneuralnetwork arelearnedsimultaneouslyuringtrain-
ing. The numberof featuress muchsmallerthanthe vocalulary
size, makingit possibleto reliably estimatethe joint probability
function. Theinputto the neuralnetwork arethe featuresvectors
for all the inputs concatenatedandthe outputis the conditional
probability distribution over the outputvocahulary. Theideahere
is thatthewordswhicharecloseto eachother(closein thesensef
theirrolein predictingwordsto follow) would have similar (close)
featurevectorsandsincetheprobabilityfunctionis asmoothfunc-
tion of thesefeaturevalues,a smallchangen the featuresshould
only leadto a smallchangein the probability

3.1. More Detail

Theconditionalprobabilityfunction P(y|z1, z2, - - - ,n—1) Where
x; andy arefrom theinput andoutputvocatulariesV; andV, re-
spectvely, is determinedn two parts:

1. A mappingthatassociatesvith eachword in theinput vo-
calulary V; arealvectorof fixedlength



input layer

hidden layer output
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Fig. 3. Theneuralnetwork architecture

2. A conditionalprobabilityfunctionwhich takesastheinput
the concatenationf the featurevectorsof the input items
Z1,Z2, -+ ,Zn—1. Thefunctionproduces probabilitydis-
tribution (a vector) over V,, thei — th elementbeingthe
conditionalprobability of thei — th memberof V,. This
probability function is realizedby a standardmulti-layer
neuralnetwork. A softmaxtunctionis usedat the outputof
theneuralnetto make sureprobabilitiessumupto 1.

Trainingis achieved by searchindor parameter® of theneu-
ral network andthe valuesof featurevectorsthat maximizethe
penalizedog-likelihoodof thetrainingcorpus:

L=2 3, logP(yt|al,....at _1;@)+R(®) 4)

whereP(yt|zt, ..., z},_) is the probability of word y* (network
outputattimet), 7' is thetrainingdatasizeand R(®) is aregular
izationterm,sumof the parameterssquaresn our case.

The modelarchitectures givenin Figure3. The neuralnet-
work is a simplefully connectechetwork with one hiddenlayer
and sigmoid transferfunctions. The input to the functionis the
concatenationf thefeaturevectorsof theinputitems. Theoutput
of the outputlayeris passedhougha softmaxto make surethat
the scoresare positve andsumup to one,hencearevalid proba-
bilities. More specificallythe outputof the hiddenlayeris given
by:

hp=tanh (5; f; Wi; +Bf) k=1,2,....,H

whereh, isthek — th outputof the hiddenlayer, f; isthej — th
input of the network, Wy; andB,f; areweightandbias elements
for the hiddenlayer respectiely, and H is the numberof hidden
units.

Furthermorethe outputsaregivenby:

2p=3; hjVi;+Bg k=1,2,..,|Vo|

pk=zzzekzj k=1,2,...,| Vo (7

The softmaxlayer (equation7) ensureghat the outputsare
positive andsumup to one,hencearevalid probabilities.

Thek — th outputof the neuralnetwork, correspondingo the
k — th item y; of the outputvocalulary, is exactly the sought
conditionalprobability thatis py, = P(y* = yx|zt, ..., z5_1).

Standardback-propagatiolis usedto train the parametersf
the neuralnetwork aswell asthe featurevectors. See[6] for de-
tails aboutneuralnetworks and back-propagation.The function
we try to maximizeis thelog-likelihoodof thetraining datagiven
by equatiord.

We canseefrom equation? thatthe neuralnetmodelis simi-
lar in functionto the maximumentrofy model[7] exceptthatthe
neuralnet learnsthe featuresby itself from the training data. It
is mostimportantto saythat one of the greatadvantageof this
modelis thatthe numberof inputscanbeincreasectausingonly

sub-linearincreasein the modelsize, as opposedo exponential
growth in N-grammodels.This makesthis modelmorecapablen
handlinglongerinput spans.

4. NEURAL NETWORK MODEL IN SLM

The standardstructuredanguagemodelsuffers from severe data
sparsenegxroblems.Recentworks|[2, 3] have shavn thatincreas-
ing the amountof informationavailableto the SLM components,
namelythe TAGGER, the CONSTRJCTOR, and the PREDIC-
TOR, leadsto a significantimprovementon the parsingaccurag
aswell asasignificantreductionin bothperpleity andword error
rate. However, a severe caseof the datasparsenesgroblemwas
obseredin thoseexperiments.

The fact that using longer contexts will improve the perfor
manceof the SLM, andthe neuralnetwork capabilityin fighting
thedatasparsenegsroblem malestheconnectionistmodelavery
goodcandidateo usein ary of the SLM internalmodels.

In this work we investigatethe useof a neuralnet modelas
the PREDICTOR componenbf the Structured_anguageModel.
The othercomponentof the SLM remainunchanged.The rea-
sonthatonly PREDICTOR waschosenwasthat previous experi-
mentswith the SLM have shawn thatthe datasparsenesgroblem
is muchmoreseverefor the PREDICTOR thanfor the othercom-
ponentsandin fact the perpleity of both the TAGGER andthe
CONSTRJCTORwerefoundto belessthan2.

Furthermorebecausehe neuralnetwork modelis computa-
tionally more expensve thanthe regular interpolatedor back-of
internal SLM models,we didn't useit for the PREDICTOR in
findingthepartialparseslongwith theirprobabilitiesequations
and3). We usetheneuralPREDICTOR only to estimatehe prob-
ability of thenext word giventhealreadyconstructeghartialparses
(equation?). More precisely aneuralnetwork modelwill beused
for language modelprediction P (wy+1|WiT%) in equation2 but
everythingelseremainsunchangedh the standardsSLM.

5. EXPERIMENTS

ThebaselineStructured_anguageModel usedifferentcondition-
ing contets for its differentcomponentsThe PREDICTOR uses
thetwo previousheadsasthecontet. The CONSTRJCTORuses
the samecontet plus the non-terminaltag of the third previous
headverd, andfinally the TAGGERuseghecurrentword andtags
of thetwo previous headsasits context.

We usedthe neuralnetwork model for the languaye model
PREDICTOR while keepingthe othercomponentainchangeds
discussedh sectiord. We alsoincreasedheinformationavailable
to the PREDICTOR.

The neuralnetwork is a standardmulti-layerednetwork ex-
actly asdescribedn section3. The inputsto the network area
mixture of words and not-terminaltags. At the outputlayer we
have to male surethatthe outputis still a probability distribution
overwordsonly. Thismeanghattheinputandoutputvocalularies
aredifferent,with theoutputvocahulary beinga subsetf theinput
vocahulary. We used30 dimensionafeaturevectors.The network
had100hiddenunitswith adaptve learningandastartinglearning
rateof 0.001.We usedstochastigradientdescentor trainingand
trainedthe network for a maximumof 50 iterations.

Table 1 givesthe perpleity resultson the UPENN sectionof
the Wall StreetJournal(WSJ)corpus. The vocalulary size was
10,000andtherewerea total of 94 non-terminaltagsandpart of



+slm | +3gm | +5gm
SLM 161 | 161 | 137 132
2HW 174 137 | 127 123
3HW 161 | 132 | 123 119
HW-OP | 155 | 129 | 121 117

Table 1. UPENN sectionperpleity

speechtags.Therows denotedoy 2HW, 3HW, andHW-OP corre-
spondto contexts consistingof 2 previousheads3 previousheads,
and 3 previous headsplus the first previous oppositehead. The
n — th previous oppositeheadis the child of then — th previ-
ousheadthatis notthe headitself. The columns+sim,+3gm,and
+5gmdenotdinearinterpolationwith thebaselineSLM, a 3-gram
back-of, and5-gramback-of modelsrespectiely, with weights
found on someheld-outset. It canbe seenthataddingmorecon-
text always helpsandthe bestresulton the longestcontext im-
proveson the bestresultfor the baselinesignificantly Theinter-
estingpoint is that the neuralnetwork model seemsto be much
more uncorrelatedvith the 3-gramor 5-grammodelsthanis the
SLM. This canbeobseredbestfor the shortestontet wherethe
connectionisimodel performsworsethanthe SLM baseline but
thendoessignificantlybetterwheninterpolatedwith aregularN-
grammodel. The SLM modelsimply cant reproducethe same
improvementsvhencombinedwith the sameN-grammodels.

With significantimprovementsgainedon the perpleity we
carriedout someexperimentgo seehow well the modelperforms
its functionin speechrecognitionandin reducingthe word error
rate. Our modelwas usedto re-rankthe output N-bestlist of a
speectrecognizeion theWall StreetJournalCorpus.Thevocalu-
lary was19,006andtherewereagain94 non-terminatagandpart
of speechypes. Becausef thelargersizeof the WSJcorpusthe
training time was considerablylonger than for the UPENN cor-
pus. We limited the size of the outputvocalulary to 5000words,
reducingcomputationsalmostproportionallyto the reductionin
vocahulary size[5]. The out of vocalulary (OOV) rate for this
limited vocahulary is ratherlow sowe are not expectinga major
degradationn performanceFor thewordsoutsidethis limited vo-
calulary we usedthe regular back-of 5-gramprobabilities. Sub-
stituting probabilitiesin this mannercauseshemnotto sumupto
onearymore but this is not critical sincewe areusingthe proba-
bilities only asscoredo re-rankthe recognizes hypothesesThe
restof the network is the sameasin the perpleity experimentex-
ceptthat the numberof iterationswas limited to a maximumof
30. We shouldalsonotethatthe neuralnetwork wastrainedonly
on half of the available WSJdata,the sameamountthe baseline
SLM s trainedon. Thatis alsothe casefor the 3-gramand5-gram
back-of modelswe usedout thelanguagenodelof therecognizer
is trainedon the whole WSJcorpus. The resultsaregivenin Ta-
ble 2. Heretherow Lattice denoteghe languagemodelfrom the
speectrecognizerandthe column+l&5gm denotesnterpolation
with thelattice andback-of 5-grammodels.Thelinearinterpola-
tion weightswerechoserto give the bestperformancen thetest
setitself.

The model gives an improvementof 1.6% relative over the
baselinemodel. The resultssuggesthat the shortercontext had
almostthe sameperformanceas the longestcontext, but in our
experimentsin combiningall the differentmodelswith different
weightswe foundthelongestcontet resultsto bemoreconsistent
in general. However, the resultson word error ratedon't consti-
tuteasgoodanimprovementaswe obtainedfor perpleity andwe
think that the main reasonis that the modelis optimizedexplic-

+slm | +lattice | +5gm | +I&5gm
Lattice | 13.7 | 12.6 13.7 13.2 13.2
SLM 12.7| 12.7 12.6 12.7 12.6
2HW 135 12.7 12.7 125 124
3HW 13.6 | 12.6 12.8 12.7 12.6
HW-OP | 13.2 | 12.5 12.9 124 124

Table 2. WSJword errorrate

itly for perpleity without ary consideratiorfor its performance
onword errorratereduction.

6. CONCLUSION AND FUTURE WORK

In this paperwe presentedhe integration of a neural network

modelinto the StructuredLanguageModel. The neuralnetwork

model givesthe SLM the power to usemore featureswhen pre-
dicting the next word in its languagemodel computations. The
connectionistmodel seemeda good choice becauseof its capa-
bility in fighting the datasparsenesproblem,which is seserein

SLM. Experimentsshaved significantreductionin perpleity. It

was alsoobsered that the neuralnetwork model producesprob-
abilities which are muchlesscorrelatedwith the regular N-gram
modelsthanarethoseof the baselineSLM. Separatexperiments
shaved a moderatereductionin word error rate. We planto con-
tinue this work by using the neuralnetwork model also for the
othercomponentsf the SLM.
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