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ABSTRACT

Weinvestigatetheperformanceof theStructuredLanguageModel
whenoneof its componentsis modeledby a connectionistmodel.
Usingaconnectionistmodelandadistributedrepresentationof the
itemsin thehistorymakesthecomponentableto usemuchlonger
contexts than possiblewith currently usedinterpolatedor back-
off models,bothbecauseof theinherentcapabilityof theconnec-
tionist model to fight the datasparsenessproblem,and because
of the only sub-lineargrowth in the modelsizewhenincreasing
thecontext length. Experimentsshow significantimprovementin
perplexity andmoderatereductionin worderrorrateoverthebase-
line SLM resultson theUPENNtreebankandWall StreetJournal
(WSJ)corporarespectively. Theresultsalsoshow thattheproba-
bility distributionobtainedby ourmodelis muchlesscorrelatedto
regularN-gramsthanthebaselineSLM model.

1. INTRODUCTION

A languagemodelis a maincomponentof many systemsdealing
with speechor natural languagesuchas SpeechRecognitionor
MachineTranslationsystems. N-gram languagemodelsare the
modelsusedin all of thecurrentpracticalstate-of-the-artsystems.
In thesemodelsonly the surface(words only) information, and
thatonly limited to ashortspan(lastN-1 words),is usedto predict
thenext word andthepredictionis basedon how oftena givenN-
gramwasseenin thetrainingdata.Thesemodelshavetheinherent
disadvantageof having ashortcontext availablefor theprediction.
Increasingthecontext lengthis not trivial becausethemodelsize
increasesexponentiallywith context length,makingit impossible
to estimatethemodelparametersreliably evenwith very plentiful
trainingdata.

Therehave beenattemptsto uselongercontexts by meansof
inducingsomefeaturesfrom thewholepastandusingthem(fewer
parametersthanif thecorrespondingpastwasuseditself) for the
prediction. In onesuchmethod,the StructuredLanguageModel
(SLM) [1], partialsyntacticalparsesarebuilt on thepastsequence
of wordsanda subsetof information (features)gainedfrom the
parsesis usedto predict the next word. By using only a small
numberof featuresobtainedfrom aparseof a longpast,theStruc-
turedLanguageModelavoidsthedatasparsenessproblemwithout
limiting itself to a shortcontext. It alsoaddressestheotherprob-
lem with the N-grammodels,the useof surface(lexical) words
only, by usinginformationandfeaturesfrom thedeepersyntactic
structureof the prefix of the sentence.The StructuredLanguage
Model shows improvementover N-grammodelsin perplexity as
well asin reducinga speechrecognizer’s worderrorrate.

The choiceof the featuresto be usedfor the purposeof pre-
diction in SLM hasbeenbasedmostlyon intuition. In theoriginal
SLM work the two previous exposedheadwords and their non-
terminaltagswerechosenfrom amongall the informationavail-
ablein thepartialparse.Thisdecisionwasbasedonthebelief that
theexposedheadwordshave thehighestpredictingpower among
all the informationgainedfrom a partialparse.Ideally onewould
like to useasmuchinformationfrom thepartialparsesaspossible.
In fact, recentworks [2, 3] have shown thatusingmoreinforma-
tion in theSLM leadsto significantreductionsin bothperplexity
andword errorrateover a regularSLM baselinemodel.However,
the problemis that the SLM internalmodelsgrow exponentially
in sizewith thenumberof featuresusedsincethey arestructurally
similar to a word N-grammodel,andin fact,a severedatasparse-
nessproblemwasobservedwhenthenumberof conditioningfea-
tureswasincreased.

Thegoalof this paperis to useasmuchinformationfrom the
partialparsesin theStructuredLanguageModel aspossiblewhile
avoiding the pitfall of datasparseness.This requiresusinga dif-
ferentarchitecturefor the SLM internalmodelsthan the current
deletedinterpolationor back-off modelsthat arevery vulnerable
to datasparsity.

Therehasbeenrecentpromisingwork in usingdistributional
representationof wordsandneuralnetworks for LanguageMod-
eling [4]. One greatadvantageof this approachis its ability to
fight datasparseness.Themodelsizegrowsonly sub-linearlywith
thenumberof predictingfeaturesused.It hasbeenshown thatthis
methodimprovesonregularN-grammodelsin bothperplexity and
word error rate[4, 5]. Theability of themethodto accommodate
longercontexts is mostappealingto us. In fact,experimentshave
shown consistentimprovementsin perplexity andword error rate
with increasein thecontext length.

In this paperwe investigatethe impactof usinga neuralnet-
work modelasthecomponentof theStructuredLanguageModel
thatpredictsthenext word,giving it theability to usemany more
features,while avoidingdatasparseness,thantheoriginal SLM.

Section2 servesasan introductionto theSLM, emphasizing
on thepartswe want to latermodify. In section3 we give a brief
introductionto the neuralnet modelandthe distributional repre-
sentationof words. Section4 describeshow we usethe neural
network modelin the SLM. Finally, resultsarepresentedin Sec-
tion 5.



2. STRUCTURED LANGUAGE MODEL

An extensive presentationof the SLM canbe found in [1]. The
model assignsa probability �������
	�� to every sentence� and
every possiblebinary parse	 of � . The terminalsof 	 arethe
wordsof � with POStags,andthenodesof 	 areannotatedwith
phraseheadwordsandnon-terminallabels. Let � be a sentence

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

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

Fig. 1. A word-parse
 -prefix

of length � wordsto which we have prependedthe sentencebe-
ginningmarker<s> andappendedthesentenceendmarker</s>
so that ����� <s> and ��������� </s>. Let ��������������� �!� be
the word 
 -prefix of the sentence— the words from the begin-
ning of the sentenceup to the currentposition 
 — and � � 	 �
the word-parse 
 -prefix. Figure 1 shows a word-parse
 -prefix;
h_0, .., h_{-m} are the exposedheads, eachheadbeinga
pair(headword,non-terminallabel),or (word,POStag)in thecase
of a root-onlytree.Theexposedheadsat a givenposition 
 in the
inputsentencearea functionof theword-parse
 -prefix.

2.1. Probabilistic Model

Thejoint probability �������
	�� of a word sequence� anda com-
pleteparse	 canbebrokeninto:

"�#%$'& (*),+-/.1032465 217 "�#98 4;: $ 4=< 2 ( 4=< 2 )�> "�#9? 4�: $ 4=< 2 ( 4�< 2 & 8 4 )@>-BA 4CD5 2 "�# E 4C : $ 4�< 2 ( 4�< 2 & 8 4 & ? 4 & E 4 21F F F E 4CG< 2 )%H (1)

where:I � �KJ � 	 �KJ � is theword-parse�@
MLON=� -prefixI � � is theword predictedby WORD-PREDICTORIBP � is thetagassignedto � � by theTAGGERI�Q � LRN is thenumberof operationstheCONSTRUCTOR exe-
cutesat sentenceposition 
 beforepassingcontrolto theWORD-
PREDICTOR (the

Q � L P S
operationat position 
 is thenull

transition);
Q � is a functionof 	I'T �U denotesthe VWL P S

CONSTRUCTOR operationcarriedout
at position 
 in the word string; the operationsperformedby the
CONSTRUCTORensurethatall possiblebinarybranchingparses,
with all possibleheadwordandnon-terminallabelassignmentsfor
the � � �X���Y� � word sequence,canbe generated.The

T � � ����� T �Z 4
sequenceof CONSTRUCTOR operationsat position 
 grows the
word-parse�@
MLON=� -prefix into a word-parse
 -prefix.

It is worth noting that we can usea finite statemachine,as
shown in Figure2, to characterizetheoperationsof theSLM. The
SLM startsfrom thePREDICTORto predictthestart-of-sentence
symbol.

TheSLM is basedon threeprobabilities,���G�!�\[ ���KJ � 	]�KJ � � ,��� P � [ � � �6� �KJ � 	 �KJ � � and ��� T �U [ � � 	 � � . Eachof thethreeprob-
abilitiescanbeparameterized(approximated)in differentways,as
we will describein Section5.

The language modelprobability assignmentfor the word at
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Fig. 2. FiniteStateRepresentationof theSLM

position 
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whichensuresaproperprobabilitynormalizationoverstrings�ml ,
whereno� is thesetof all parsespresentin ourstacksat thecurrent
stage
 .

3. NEURAL NETWORK MODEL

Recentlya relatively new typeof languagemodelhasbeenintro-
ducedwherewordsarerepresentedbypointsin amulti-dimensional
featurespaceandthe probability of a sequenceof wordsis com-
putedby meansof a neuralnetwork. Theneuralnetwork, having
the featurevectorsof the precedingwordsasits input, estimates
the probability of the next word [4]. The main ideabehindthis
model is to fight the curseof dimensionalityby interpolatingthe
seensequencesin thetrainingdata.Thegeneralizationthis model
aimsat is to assignto anunseen(in trainingdata)wordsequencea
probabilitysimilar to thatof a seenword sequence(sentencepre-
fix) whosewordsaresimilarto thoseof theunseenwordsequence.
The similarity is definedasbeingclosein the multi-dimensional
spacementionedabove.

In brief, thismodelcanbedescribedasfollows,a feature vec-
tor is associatedwith eachtoken in the input vocabulary, that is
the vocabulary of all the itemsthat canbe usedfor conditioning.
Thentheconditionalprobabilityof thenext word is expressedasa
functionof theinput featurevectorsby meansof aneuralnetwork.
Thisprobabilityis producedfor everypossiblenext word from the
outputvocabulary. In generalthereis no relationshipbetweenthe
inputandoutputvocabularies.Thefeaturevectorsandtheparame-
tersof theneuralnetwork arelearnedsimultaneouslyduringtrain-
ing. Thenumberof featuresis muchsmallerthanthevocabulary
size,making it possibleto reliably estimatethe joint probability
function. Theinput to theneuralnetwork arethe featuresvectors
for all the inputsconcatenated,and the output is the conditional
probabilitydistribution over theoutputvocabulary. Theideahere
is thatthewordswhicharecloseto eachother(closein thesenseof
their role in predictingwordsto follow) wouldhavesimilar (close)
featurevectorsandsincetheprobabilityfunctionis asmoothfunc-
tion of thesefeaturevalues,a smallchangein the featuresshould
only leadto a smallchangein theprobability.

3.1. More Detail

Theconditionalprobabilityfunction ���Gp][ q � �YqsrK�=tXt�t]� q � J � � whereq U and p arefrom theinput andoutputvocabularies u U and uwv re-
spectively, is determinedin two parts:

1. A mappingthatassociateswith eachword in the input vo-
cabulary u U a realvectorof fixedlength
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Fig. 3. Theneuralnetwork architecture

2. A conditionalprobabilityfunctionwhich takesastheinput
the concatenationof the featurevectorsof the input itemsxzy�{Yxs|k{�}�}�}o{Yx*~\�zy . Thefunctionproducesaprobabilitydis-
tribution (a vector)over �w� , the �W���Y� elementbeingthe
conditionalprobability of the ����� � memberof � � . This
probability function is realizedby a standardmulti-layer
neuralnetwork. A softmaxfunctionis usedat theoutputof
theneuralnetto make sureprobabilitiessumup to 1.

Trainingis achievedby searchingfor parameters� of theneu-
ral network and the valuesof featurevectorsthat maximizethe
penalizedlog-likelihoodof thetrainingcorpus:

������M���h� ���X����� �6� �=� ��� � � � � �=��;� ���  w¡£¢]¤ �  ¥¡ (4)

where ¦�§G¨�©�ª x © y {�«9«%«9{�x ©~\�zy�¬ is theprobability of word ¨�© (network
outputat time � ), ­ is thetrainingdatasizeand ®¯§�� ¬ is a regular-
izationterm,sumof theparameters’squaresin our case.

Themodelarchitectureis given in Figure3. The neuralnet-
work is a simplefully connectednetwork with onehiddenlayer
andsigmoid transferfunctions. The input to the function is the
concatenationof thefeaturevectorsof theinput items.Theoutput
of the output layer is passedthougha softmaxto make surethat
thescoresarepositive andsumup to one,hencearevalid proba-
bilities. More specificallythe outputof the hiddenlayer is given
by: °k± �s²,³Y´�µ �%�·¶¥¸ ¶�¹ ± ¶ ¢]º]»± ¡ ¼ � y � | � � � � � ½
where� ¼ is the ¾¿�À�Y� outputof thehiddenlayer, Á�Â is the Ã·�Ä� �
input of the network, Å ¼ Â and Æ °

¼ areweight andbiaselements
for the hiddenlayer respectively, and Ç is the numberof hidden
units.

Furthermore,theoutputsaregivenby:

È ± � �·¶ ° ¶XÉ ± ¶ ¢oºzÊ± ¼ � y � | � � � � � � É Ê �Ë ± �ÍÌÏÎ ±Ð ¶ Ì Î ¶ ¼ � y � | � � � � � � É Ê � (7)

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

The ¾_�Ñ�Y� outputof theneuralnetwork, correspondingto the¾Ñ�Ò�Y� item ¨ ¼ of the outputvocabulary, is exactly the sought
conditionalprobability, thatis Ó ¼�Ô ¦�§G¨ © Ô ¨ ¼ ª x © y {�«9«%«9{�x ©~\�zy ¬ .

Standardback-propagationis usedto train the parametersof
theneuralnetwork aswell asthe featurevectors.See[6] for de-
tails aboutneuralnetworks andback-propagation.The function
we try to maximizeis thelog-likelihoodof thetrainingdatagiven
by equation4.

We canseefrom equation7 thattheneuralnetmodelis simi-
lar in functionto themaximumentropy model[7] exceptthat the
neuralnet learnsthe featuresby itself from the training data. It
is most importantto saythat oneof the greatadvantagesof this
modelis that thenumberof inputscanbe increasedcausingonly

sub-linearincreasein the modelsize,asopposedto exponential
growth in N-grammodels.Thismakesthismodelmorecapablein
handlinglongerinput spans.

4. NEURAL NETWORK MODEL IN SLM

The standardstructuredlanguagemodelsuffers from severedata
sparsenessproblems.Recentworks[2, 3] haveshown thatincreas-
ing theamountof informationavailableto theSLM components,
namely the TAGGER, the CONSTRUCTOR, and the PREDIC-
TOR, leadsto a significantimprovementon theparsingaccuracy
aswell asasignificantreductionin bothperplexity andworderror
rate. However, a severecaseof the datasparsenessproblemwas
observedin thoseexperiments.

The fact that using longer contexts will improve the perfor-
manceof the SLM, andthe neuralnetwork capability in fighting
thedatasparsenessproblem,makestheconnectionistmodelavery
goodcandidateto usein any of theSLM internalmodels.

In this work we investigatethe useof a neuralnet modelas
the PREDICTOR componentof the StructuredLanguageModel.
The othercomponentsof the SLM remainunchanged.The rea-
sonthatonly PREDICTOR waschosenwasthatpreviousexperi-
mentswith theSLM have shown thatthedatasparsenessproblem
is muchmoreseverefor thePREDICTORthanfor theothercom-
ponentsand in fact the perplexity of both the TAGGERand the
CONSTRUCTORwerefoundto belessthan2.

Furthermore,becausethe neuralnetwork model is computa-
tionally moreexpensive thanthe regular interpolatedor back-off
internal SLM models,we didn’t use it for the PREDICTOR in
findingthepartialparsesalongwith theirprobabilities(equations1
and3). WeusetheneuralPREDICTORonly to estimatetheprob-
ability of thenext wordgiventhealreadyconstructedpartialparses
(equation2). Moreprecisely, a neuralnetwork modelwill beused
for language modelprediction ¦�§GÕ ¼�¢ y ª Å ¼ ­ ¼ ¬ in equation2 but
everythingelseremainsunchangedin thestandardSLM.

5. EXPERIMENTS

ThebaselineStructuredLanguageModelusesdifferentcondition-
ing contexts for its differentcomponents.ThePREDICTOR uses
thetwo previousheadsasthecontext. TheCONSTRUCTORuses
the samecontext plus the non-terminaltag of the third previous
headword,andfinally theTAGGERusesthecurrentwordandtags
of thetwo previousheadsasits context.

We usedthe neuralnetwork model for the language model
PREDICTOR while keepingthe othercomponentsunchangedas
discussedin section4. Wealsoincreasedtheinformationavailable
to thePREDICTOR.

The neuralnetwork is a standardmulti-layerednetwork ex-
actly asdescribedin section3. The inputs to the network area
mixture of words andnot-terminaltags. At the output layer we
have to make surethat theoutputis still a probabilitydistribution
overwordsonly. Thismeansthattheinputandoutputvocabularies
aredifferent,with theoutputvocabularybeingasubsetof theinput
vocabulary. Weused30dimensionalfeaturevectors.Thenetwork
had100hiddenunitswith adaptive learningandastartinglearning
rateof 0.001.Weusedstochasticgradientdescentfor trainingand
trainedthenetwork for a maximumof 50 iterations.

Table1 givestheperplexity resultson theUPENNsectionof
the Wall StreetJournal(WSJ)corpus. The vocabulary sizewas
10,000andtherewerea total of 94 non-terminaltagsandpartof



+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. UPENNsectionperplexity

speechtags.Therowsdenotedby 2HW, 3HW, andHW-OPcorre-
spondto contextsconsistingof 2 previousheads,3 previousheads,
and3 previous headsplus the first previous oppositehead. TheÖ�×ÒØYÙ previous oppositeheadis the child of the Ö�×ÒØYÙ previ-
ousheadthatis not theheaditself. Thecolumns+slm,+3gm,and
+5gmdenotelinearinterpolationwith thebaselineSLM, a3-gram
back-off, and5-gramback-off modelsrespectively, with weights
foundon someheld-outset. It canbeseenthataddingmorecon-
text always helpsand the bestresult on the longestcontext im-
proveson thebestresultfor thebaselinesignificantly. The inter-
estingpoint is that the neuralnetwork modelseemsto be much
moreuncorrelatedwith the 3-gramor 5-grammodelsthanis the
SLM. Thiscanbeobservedbestfor theshortestcontext wherethe
connectionistmodelperformsworsethan the SLM baseline,but
thendoessignificantlybetterwheninterpolatedwith a regularN-
grammodel. The SLM modelsimply can’t reproducethe same
improvementswhencombinedwith thesameN-grammodels.

With significant improvementsgainedon the perplexity we
carriedoutsomeexperimentsto seehow well themodelperforms
its function in speechrecognitionandin reducingthe word error
rate. Our modelwas usedto re-rankthe outputN-bestlist of a
speechrecognizeron theWall StreetJournalCorpus.Thevocabu-
lary was19,006andtherewereagain94non-terminaltagandpart
of speechtypes.Becauseof thelargersizeof theWSJcorpusthe
training time wasconsiderablylonger than for the UPENN cor-
pus. We limited thesizeof theoutputvocabulary to 5000words,
reducingcomputationsalmostproportionallyto the reductionin
vocabulary size [5]. The out of vocabulary (OOV) rate for this
limited vocabulary is ratherlow so we arenot expectinga major
degradationin performance.For thewordsoutsidethis limited vo-
cabulary we usedtheregularback-off 5-gramprobabilities.Sub-
stitutingprobabilitiesin thismannercausesthemnot to sumup to
oneanymorebut this is not critical sincewe areusingtheproba-
bilities only asscoresto re-ranktherecognizer’s hypotheses.The
restof thenetwork is thesameasin theperplexity experimentex-
cept that the numberof iterationswas limited to a maximumof
30. We shouldalsonotethat theneuralnetwork wastrainedonly
on half of the availableWSJdata,the sameamountthe baseline
SLM is trainedon. Thatis alsothecasefor the3-gramand5-gram
back-off modelsweusedbut thelanguagemodelof therecognizer
is trainedon thewhole WSJcorpus.The resultsaregiven in Ta-
ble 2. Heretherow Latticedenotesthe languagemodelfrom the
speechrecognizerandthe column+l&5gm denotesinterpolation
with thelatticeandback-off 5-grammodels.Thelinearinterpola-
tion weightswerechosento give thebestperformanceon thetest
setitself.

The model gives an improvementof 1.6% relative over the
baselinemodel. The resultssuggestthat the shortercontext had
almost the sameperformanceas the longestcontext, but in our
experimentsin combiningall the differentmodelswith different
weightswefoundthelongestcontext resultsto bemoreconsistent
in general.However, the resultson word error ratedon’t consti-
tuteasgoodanimprovementasweobtainedfor perplexity andwe
think that the main reasonis that the model is optimizedexplic-

+slm +lattice +5gm +l&5gm
Lattice 13.7 12.6 13.7 13.2 13.2
SLM 12.7 12.7 12.6 12.7 12.6
2HW 13.5 12.7 12.7 12.5 12.4
3HW 13.6 12.6 12.8 12.7 12.6
HW-OP 13.2 12.5 12.9 12.4 12.4

Table 2. WSJworderrorrate

itly for perplexity without any considerationfor its performance
on worderrorratereduction.

6. CONCLUSION AND FUTURE WORK

In this paperwe presentedthe integration of a neural network
model into the StructuredLanguageModel. The neuralnetwork
modelgives the SLM the power to usemorefeatureswhenpre-
dicting the next word in its languagemodel computations.The
connectionistmodel seemeda good choicebecauseof its capa-
bility in fighting the datasparsenessproblem,which is severe in
SLM. Experimentsshowed significantreductionin perplexity. It
wasalsoobserved that the neuralnetwork modelproducesprob-
abilities which aremuchlesscorrelatedwith the regular N-gram
modelsthanarethoseof thebaselineSLM. Separateexperiments
showeda moderatereductionin word error rate. We planto con-
tinue this work by using the neuralnetwork model also for the
othercomponentsof theSLM.
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