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ABSTRACT

TheStructuredLanguageModelaimsatmakingapredictionof the
next word in a givenword stringby makinga syntacticalanalysis
of theprecedingwords.However, it facesthedatasparsenessprob-
lem becauseof thelargedimensionalityanddiversityof theinfor-
mationavailablein thesyntacticparses.In previous work [1, 2],
weproposedusingneuralnetwork modelsfor theSLM. Theneural
network modelis bettersuitedto tacklethedatasparsenessprob-
lem and its usegave significantimprovementsin perplexity and
worderrorrateover thebaselineSLM.

In this paperwe presenta new methodof training the neural
netbasedSLM. Thepresentedproceduremakesuseof thepartial
parseshypothesizedby theSLM itself, andis moreexpensive than
theapproximatetrainingmethodusedin previouswork.

Experimentswith thenew trainingmethodon theUPennand
WSJcorporashow significantreductionsin perplexity andword
errorrate,achieving thelowestpublishedresultsfor thegivencor-
pora.

1. INTRODUCTION

The role of a statisticallanguagemodel is to assigna probabil-
ity ������� to any given word string �
	���
�������������� . This is
usuallydonein a left-to-rightmannerby factoringtheprobability:������� �!�"��#%$�#'&)( ( ( #'*+� �,���-#%$.��/ *021 & �"��# 0�3 � 054 $$ �
wherethesequenceof words � 
 � � �����6�87 is denotedby � 7
 . Ide-
ally, the languagemodel shouldusethe entire history ��9;: 

 to
make its predictionfor word � 9 . However, becauseof datasparse-
nesssomeequivalenceclassificationof histories � 95: 

 should
be employed. The popular < -gram modelsclassify the word
string � 9;: 

 into � 9;: 
95:%=?> 
 and perform surprisinglywell given
their simplestructure. Nevertheless,they lack the ability to use
longerhistories(locality problem),andstill suffer from severedata
sparsenessevenfor smallvaluesof < .

The Structured Language Model (SLM) aimsat overcoming
the locality problemby constructingsyntacticalparsesof a word
string andusingthe informationfrom thesepartial parsesto pre-
dict the next word [3]. In this manner, the SLM alsoaddresses
oneotherproblemof the < -grammodels:theuseof surface(lex-
ical) wordsonly; by usinginformationfrom the deepersyntactic
structuresof theword strings.

Distributedrepresentationof variables,combinedwith a neu-
ral network for probability estimation,has enabledthe use of
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longerprobabilisticdependencies[4]. TheSLM uses< -gramtype
dependenciesfor its internalcomponents,andit would be desir-
able to implementthem by neuralnetworks that can uselonger
andricherdependencies.In fact, theuseof neuralnetwork mod-
elsin theSLM hasleadto significantreductionsin bothperplexity
andworderrorrate[1, 2].

In this paperwe investigatefurther the useof a neural net
model as the componentof the SLM responsiblefor predicting
the next word basedon the partial parsesof the precedingword
string. In previouswork, theneuralnetcomponentwastrainedon
parsesextractedfrom anexternaltreebank(anexternalsource)[1].
We presenthereanexact trainingprocedure,which optimizesthe
properlikelihoodfunction computedusingthe partial parseshy-
pothesizedby the SLM itself. Thenew training methodinvolves
usingmultiplepartialparsesateachposition,whichresultsin adif-
ferentobjective function,andhencea differenttrainingalgorithm
for theneuralnetwork.

Section2 servesasan introductionto the SLM. In Section3
we describetheneuralnetwork modelandexplain how it is used
in theSLM, giving thedetailsof theupdatealgorithmfor training
on multiple partial parses.Experimentalresultsarepresentedin
Section4.

2. STRUCTURED LANGUAGE MODEL

An extensive presentationof the SLM canbe found in [3]. The
model assignsa probability �����A@CBD� to every sentence� and
every possiblebinary parseB of � . The terminalsof B arethe
wordsof � with POStags,andthenodesof B areannotatedwith
phraseheadwordsandnon-terminallabels.

Let � bea sentenceof E wordsto which we have prepended
thesentencebeginningmarker<s> andappendedthesentenceend
marker </s> so that ��FG	 <s> and � � > 
 	 </s>. Let �AHI	� F �J���6� H betheword K -prefix of thesentence— thewordsfrom
the beginning of the sentenceup to the currentposition K — and�AH�B!H the word-parse K -prefix. Figure1(a) shows a word-parseK -prefix whereh_0, .., h_{-m} aretheexposedheads, each
headbeinga pair (headword, non-terminallabel),or (word, POS
tag) in the caseof a root-only tree. For a given word-parseK -
prefixtheheadwordsarepercolatedbottom-upin arule-basednon-
probabilisticprocedure.

2.1. Probabilistic Model

Theoperationof theSLM is characterizedby thefinite statema-
chine in Figure 1(b). The joint probability �����A@CBD� of a word



sequence� anda completeparseB canbeexpressedas:�"�L�NM OP� �/ *RQ $S 1 $RT �"��# S 3 � S 4 $ O S 4 $ ��U �"��V S 3 � S 4 $ O S 4 $ M # S �;U/XW S0Y1 $ �"� Z S0 3 � S 4 $ O S 4 $ M # S M V S M Z S $ ( ( ( Z S054 $ �L[ (1)

where:\ �AH : 
 B!H : 
 is theword-parse�;K^]`_�� -prefix\ � H is theword predictedby PREDICTOR\Xa H is thePOStagassignedto ��H by theTAGGER\ <^Hb]c_ is thenumberof operationstheCONSTRUCTOR exe-
cutesatsentenceposition K beforepassingcontrolto thePREDIC-
TOR(the <dHe] a6f

operationAt position K is thenull transition);\Ng H9 denotesthe hi] a�f
CONSTRUCTOR operationcarriedout

at position K in the word string; the operationsperformedby the
CONSTRUCTORensurethatall possiblebinarybranchingparses,
with all possibleheadwordandnon-terminallabelassignmentsfor
the ��
j�J���6��H word sequence,canbe generated.The

g H 
 ����� g H= S
sequenceof CONSTRUCTOR operationsat position K grows the
word-parse�;K^]`_�� -prefix into a word-parseK -prefix.

(<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)

assign probability to word

start a
new sentence

null tag word

expand partial parse

CONSTRUCTOR

TAGGERPREDICTOR

(a) word-parseK -prefix (b) FSM

Fig. 1. A partialparse,andFSM representationof SLM

The numberof possibleparsesfor a given sentencegrows
exponentiallywith sentencelengthandthereforein practice,the
SLM usesa multi-stack searchstrategy with pruningto construct
andstoreonly themorelikely parses.

The language modelprobability assignmentfor the word at
position Klkm_ in theinput sentenceis madeusing:�onRpoqr��# S Q $ 3 � S �s� t�u Swv)x S �"��# S Q $ 3 � S O S ��U y��L� S M O S � (2)yz�L� S M O S �s� �"�L� S O S � {|t u Swv n S �"�L� S O S ��M (3)

which ensuresa properprobabilitynormalizationover strings � ,
where},H is thesetof all parsespresentin ourstacksat thecurrent
stageK . The score ~%����Ho@CB!Hw� is the weight of the partial parse��� H @6B H � in thestacksat position K .

As canbeseen,theprobability ���5��H+� ��H : 
 B!H : 
 � is usedin
two differentcapacitiesin theoperationof theSLM. Oncein the
constructionof andassignmentof probabilitiesto thepartialparses
(Equation1), and then in computingthe probability of the next
wordusingthealreadyconstructedpartialparses(Equation2). We
will referto thesecondmodelastheSCORERcomponenthence-
forth.

2.2. SCORER Training

TheSLM trainingprocedureinvolvesusingatreebankfrom which
eachcomponentmodel is estimatedby training it on the cor-
respondingevents extractedfrom the completeparses. Conse-
quently, the PREDICTOR componentis trainedmaximizing the
joint probabilitygiven in Equation1 over thetrainingdata.Since
both thePREDICTOR andSCORERhave thesameprobabilistic
model,it is possibleto copy theestimatedPREDICTOR directly
into the SCORERcomponent. In fact, experimentswith a neu-
ral net SCORERhave shown that this “mismatched”training of

theSCORERleadsto significantimprovementsin perplexity and
worderrorrate[1]. Thetrainingis mismatchedbecausethemodel
is trainedto maximizethe probability given by Equation1 while
it is going to be usedin estimatingprobabilitiesin the form of
Equation3. Therefore,it is desirableto train theSCORERspecif-
ically to maximizethe likelihoodof the trainingdataasgiven by
Equation3.

In general,we can assumethat the type of events encoun-
teredby the PREDICTOR andthe SCORERaresimilar to each
other, andthatthelikelihoodcomputedusingEquation1 wouldbe
a goodapproximationof the moreproperleft-to-right likelihood
obtainedfrom Equation3.

In orderto train theSCORERto directly optimizetheleft-to-
right likelihood,wemustfirstestimatethePREDICTOR,theTAG-
GER, andthe CONSTRUCTOR components.Then,usingthese
estimatedmodelswe will build (hypothesize)partial parsesover
the sametraining dataand computetheir correspondingscores.
TheSCORERcomponentis thenestimatedusingthesescoredpar-
tial parses.Noticethatin this casewe would have multiple partial
parsesper position(insteadof one), therefore,the price paid for
thismore“exact” trainingis aconsiderableincreasein thenumber
of training events(which translatesto a proportionalincreasein
modelsizeand training time for < -gramandneuralnet models
respectively).

3. NEURAL NETWORK MODEL

In a neuralnetwork basedlanguagemodelwordsarerepresented
by pointsin a continuousmulti-dimensionalfeaturespaceandthe
probabilityof asequenceof wordsis computedby meansof aneu-
ral network. The featurevectorsof theprecedingwordsmake up
the input to theneuralnetwork, which thenwill producea proba-
bility distribution over a givenvocabulary [4]. Themain ideabe-
hind this modelis to make theestimationtaskeasierby mapping
words from the high-dimensionaldiscretespacethey exist in, to
a low-dimensionalcontinuousonewhereprobabilitydistributions
aresmoothfunctionsin theirvariables.Thenetwork achievesgen-
eralizationby assigningto anunseenword sequencea probability
closeto that of a “similar” word string seenin the training data.
The similarity is definedasbeingclosein the multi-dimensional
featurespace.Sincetheprobabilityfunction is a smoothfunction
of thefeaturevectors,a smallchangein thefeaturesleadsto only
a smallchangein theprobability.

3.1. Model Details

Supposethe goal is to computethe probability of a certainevent� 	�� given thevalues � 
 @6� � @J�����,@6�P� of � conditioningvari-
ables.Theconditionalprobability function ���5�,� �!
J@6�%�z@������,@6� � �
is determinedin two parts:

1. A mappingthatassociatesa realvectorof fixeddimension
with eachtoken in the input vocabulary � 9 : the setof all
tokensthatcanbeusedfor prediction

2. A function which takes as the input the concatenationof
thefeaturevectorsof the input items � 
 @6� � @��J���!@��P� . The
function producesa conditionalprobability distribution (a
vector)over theoutputvocabulary ��� : thesetof all tokens
to bepredicted.

Trainingis achievedby searchingfor parameters� of theneu-
ral network and the valuesof featurevectorsthat maximizethe
penalizedlog-likelihoodof thetrainingcorpus:�+� $u tD��� ��� ����� � 3 � � $ M ( ( ( M � ��N� � � :P� � � � (4)



wheresuperscript
a

denotesthe
a V5�

event in thetrainingdata,B is
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Fig. 2. Theneuralnetwork architecture

The modelarchitectureis given in Figure2 [4]. The neural
network is fully connectedand containsone hiddenlayer. The
operationsof theinputandhiddenlayersaregivenby:�� �"� � $�M ( ( ( M �6�.� �8� �2��� �� � � $���M �� � � &J��M U U U6M �� � � � �2�� S �P 5¡6¢�£,� tD¤ � ¤ � S ¤ >,¥j¦S � H � 
 M � M ( ( ( M §
where ¨© �5�%� is the ª -dimensionalfeaturevectorfor token � . The
weightsandbiasesof thehiddenlayeraredenotedby « H 7 and ¬ �H
respectively, and ­ is thenumberof hiddenunits. Indicesareused
to referto specificelementsof a matrix or vector.

At theoutputlayerof thenetwork we have:® S �,t ¤ � ¤ x S ¤ >,¥j¯S H � 
 M � M ( ( ( M 3 ° ¯ 3
Z S �²±C³ S´ ¤ ± ³ ¤ H � 
 M � M ( ( ( M 3 ° ¯ 3

(5)

with theweightsandbiasesof theoutputlayerdenotedby } H 7 and¬ �H respectively. Thesoftmaxlayer (Equation5) ensuresthat the
outputsarevalid probabilitiesandprovidesa suitableframework
for learninga probabilitydistribution.

The K'µ ¶ outputof theneuralnetwork, correspondingto the K'µ ¶
item � H of theoutputvocabulary, is exactly thesoughtconditional
probability:

g H�	·���5� V 	m��H|� � V 
 @�������@.� V� � .
The neuralnetwork weightsandbiases,aswell as the input

featurevectors,arelearnedsimultaneouslyusingstochasticgradi-
entdescenttrainingvia back-propagationalgorithm,with theob-
jective functionbeingtheonegivenin Equation4.

3.2. Neural Network Model for SLM

Recentwork hasshown thatenrichingtheprobabilisticdependen-
ciesof the SLM componentmodelsleadsto significantimprove-
mentsin theparsingaccuracy aswell asto reductionsin bothper-
plexity andword error rate [5]. However, a severe caseof data
sparsenesswasobservedin thoseexperiments.

Therefore,it is desirableto useneuralnetwork – capableof
using long and enrichedcontexts – to model the SLM compo-
nents[1]. In this work we usea neuralnetwork model as the
SCORERcomponentandtrain it onparsesbuilt eitherby anexter-
nalsourceor thebaselineSLM. All othercomponentsareretained
from thebaselineSLM [3] andareparameterizedby < -gramin-
terpolatedmodels.

We choseto “upgrade”only theSCORERcomponentmainly
becausedoingsoaffectsonly the languagemodelestimationpart
of theSLM, keepingtheparseconstructionmachineryunchanged

from thebaselinemodel,thuseconomizingontrainingeffort. Fur-
thermore,theSCORERhasmuchhigherperplexity thaneitherthe
TAGGER,or theCONSTRUCTOR, leaving enoughpotentialfor
a significantimprovementin themodel’s performance.

3.3. Gradient Descent for Multiple Histories

The SLM stacks,at any stageh , containthe set } 9 of all partial
parsesconstructedandkept by the model up to that stage. The
probability of thenext word, computedasa weightedaverageof
predictionsby all the retainedpartial parses,is given by Equa-
tion 2. Representingthe K V5�

partialparseat stageh ashistory
f H9and its weight by ~ H9 , the probability of the word string � �
 is

givenby: ����� *$ �2�!/ *0Y1 $ t S � 0 �S 1 $ y S0 U �"��# 0�3 � S0 � (6)

WhereK%�5h¸� denotesthenumberof partialparses(histories)atstageh . Consequently, thelog-likelihoodof atrainingdataof size B will
bein theform: �+�|� t u0Y1 $ � ���º¹ t S � 0 �S 1 $ y S0 U ���-# 0 3 � S0 �2» (7)

Giventhisobjectivefunction,thegradientfor everymodelpa-
rameter¼ is computedasfollows:

½½�¾ � ��� �"��# 0 � � ½½�¾"¿ � ��� � t S � 0 �S 1 $ y S0 U �"��# 063 � S0 � �YÀ
� $´ S � 0 �S 1 $ºÁ S0oÂ Ã �-Ä 0.Å ¦ S0

� ½½�¾ ¿ t S � 0 �S 1 $ y S0 U ���-# 063 � S0 � À
� $Ã �-Ä 0 � t S � 0 �S 1 $ y S0 U ½½�¾ ����# 0.3 � S0 �

This meansthat for eachword, the gradient(and parame-
ter updates)for eachpartial parsepredicting the word is com-
puted,and the actualupdatewill be a weightedaverageof the
obtainedupdates,wheretheweightsarethefixedscoresof thepar-
tial parses.For moredetailson thealgorithmthereaderis referred
to [2].

4. EXPERIMENTS

ThebaselineSLM componentsareparameterizedasfollows: both
the PREDICTOR and the SCORERusethe two previous heads
asthecontext. TheCONSTRUCTOR usesthesamecontext plus
the non-terminaltag of the third previous headword, andfinally
theTAGGERusesthecurrentword plus the tagsonly of the two
previousheadsasits context.

All the componentsexcept the SCORERwere trained on
parsesobtainedfrom an external source. The estimatedmodel
wasthenusedto construct(hypothesize)partialparsesonthesame
trainingdata.TheneuralnetSCORERwasthentrainedon these
newly generatedpartial parses.The inputs to the network area
mixtureof wordsandnon-terminaltags,with eachitembeingrep-
resentedby a 30 dimensionalfeaturevector. All theneuralnetsin
theseexperimentshave 100hiddenunits andweretrainedwith a
startinglearningrateof _�Æ :'Ç .

Before training the neural net SCORER on the partial
parses,we traineda separateneuralnet SCORERon the same
eventsthePREDICTORwasestimatedfrom (externallyproduced
parses)[1]. Following the conventionof Section2.2, we refer to
thelattermodelasthemismatchedSCORERandto theonetrained
on SLM hypothesizedpartial parsesas the exact SCORER.To
speedup convergence,theexactSCORERtrainingwasinitialized
by copying theparametersfrom thetrainedmismatchedSCORER.
This resultedin a significantreductionin thenumberof iterations
requiredto train themodel.



Ourexperimentalsetupis asfollows: for perplexity resultswe
usedtheUPennTreebankportionof theWSJcorpus.Thecorpus
is dividedinto training,heldout,andtestsetscontaining930k,74k,
and82k wordsrespectively. We usedanopenvocabulary consist-
ing of 10k words.Theinput vocabulary includesanadditional40
part-of-speech(POS)and54 non-terminal(NT) tags.

The WER experimentsconsistedof the re-scoringof the È -
bestlist outputby aspeechrecognizer. Weevaluatedourmodelsin
theWSJDARPA’93 HUB1 testsetup.Thetestsetis acollectionof
213utterancesfor a total of 3446words.The20k wordsopenvo-
cabularyandbaseline3-grammodelarestandardonesprovidedby
NIST andLDC. Theinput vocabulary wasagainaugmentedwith
the 94 tagsmentionedabove; however, in orderto save on train-
ing complexity, the output vocabulary was limited to the top 5k
words,resultingin a proportionalreduction( ÉËÊ times)in train-
ing time [6] ( Ìº� ÍRÎ OOV on trainingdata).For thewordsoutside
this limited vocabulary we usedthe probabilitiesfrom a regular
back-off 5-grammodel. The lattice and È -bestlists weregener-
atedusingthestandard3-grammodeltrainedon45M wordsof the
WSJcorpus.However, thebaselineSLM, aswell asall theneural
netmodels,weretrainedon only a 19M wordssubsetof theWSJ
text. Theheldoutdataconsistedof 1.86Mwords.

Table1 givestheperplexities on theUPenncorpus.Therow
’SLM’ refers to the baselinemodel while the rows denotedby
’2HW’, ’3HW’, and’(3+1)HW’ correspondto contextsconsisting
of 2 previous heads,3 previous heads,and3 previous headsplus
thefirst oppositehead.The E V5�

previousoppositeheadis thechild
of E V5�

previousheadthatis not theheaditself. Thecolumnhead-
ings’+slm’, ’+3gm’, and’+5gm’ indicatelinearinterpolationwith
thebaselineSLM, a3-gram,anda5-grammodelrespectively. The
3-gramand5-grammodelsareinterpolatedKneser-Ney smoothed
modelsbuilt on the sametraining dataas the baselineand neu-
ral netbasedSLMs, andgive a perplexity of 148and141on the
testset,respectively. For eachentry in thetable,theperplexity of
theneuralnetbasedSLM for both mismatchedandexact trained
SCORERaregiven,with the latteronein bold fonts. Theneural
netSCORERsweretrainedfor amaximumof 50and30iterations
in the mismatchandexact casesrespectively. As canbe seenin
the table, the neuralnet basedSLM improves significantly over
the baselinemodel. Furthermore,the exact modelshows consis-
tent improvementover themismatchedcase.Thelowestfigurein
thetable(107)is thebestpublishedperplexity for thiscorpus.

The È -bestre-scoringresultsarepresentedin Table2. Here
’ lattice’ denotesthe scoresobtainedusing the standard3-gram
back-off modelon thewhole45M wordsof theWSJcorpus.The
5-grammodel(in ’+5gm’ column)is againaninterpolatedKneser-
Ney smoothedmodel build on the same19M word text as the
baselineandneuralnetbasedSLM models.All the interpolation
weightswerefoundonthetestsetusinggrid searchwith astepsize
of Æº� ÆwÏ , theexceptionis the’+all’ columnweretheSLM modelis
combinedwith all otherthreemodelsusinga stepsizeof Æ+��_ . The
mismatchedandexactSCORERnetworksweretrainedfor 30and
7 iterationsrespectively. Theresultsshow significantreductionsin
theWER by usinga neuralnetbasedSLM. Also, it canbeclearly
seenthat the exact SCORERtrainedmodel consistentlyoutper-
forms the mismatchtrainedone. However, unlike the perplexity
results,theconsistentincreaseof context lengthdoesnot translate
to consistentimprovementin WER. This hasto do with the fact
that the perplexity of a languagemodel in not highly correlated
with its performancein reducingtheword error rate. Overall, the
bestresult is achieved by the exact model ( _zÍo� Æ�Î WER), which

no-intpl +slm +3gm +5gm

SLM 161 161 137 132
2HW 166/141 135/125 125/119 121/115
3HW 161/136 132/121 123/116 119/112
(3+1)HW 155/131 129/117 121/113 117/110
All-3 152/122 128/114 120/110 117/107

Table 1. UPennPerplexity

+slm +lattice +5gm +all

lattice 13.7 12.6 13.7 13.3 12.6
SLM 12.7 12.7 12.6 12.7 12.6
2HW 13.5/12.8 12.7/12.3 12.7/12.4 12.5/12.3 12.3/12.0
3HW 13.7/12.9 12.7/12.7 12.9/12.9 12.7/12.6 12.3/12.4
(3+1)HW 13.2/12.5 12.4/12.3 12.8/12.4 12.5/12.1 12.4/12.0

Table 2. WSJWordError Rate

is the lowestpublishedWER for this particulartestsetup. Note
that this performanceis attainedusingonly a subsetof the WSJ
trainingdata.

5. CONCLUSIONS

In this paperwe introducedan exact training procedurefor the
neuralnet basedStructuredLanguageModel. The exact train-
ing achieves consistentlybetterresultsthan the previously used
methodof approximate(mismatched)traininig. However, since
the training is performedusing“multiple” partial parsesat each
wordposition,thereis aproportionalincreasein therequiredtrain-
ing time per iteration(thoughfewer iterationsarerequiredif the
model is initialized by copying the trainedmismatchedmodel).
In our experiments,theaveragenumberof partialparsesin exact
training turnedout to be _w_w��_�Í and Ð+� ÌwÐ for the UPennandWSJ
corpusrespectively, increasingtrainingtimesperiterationaccord-
ingly. Ontheotherhand,theadvantageof themismatchedtraining
is thatit canbeusedto obtainaquickly trainedmodelthatstill out-
performsthebaselineSLM significantly.

For futurework we planto usethepresentedtrainingmethod
for aSLM modelwhereall thecomponentsaremodeledby neural
networks.
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