EXACT TRAINING OF A NEURAL SYNTACTIC LANGUAGE MODEL

AhmadEmamiand Frederidk Jelinek

Centerfor LanguageandSpeecHProcessing
JohnsHopkinsUniversity
Baltimore,MD 21218
{emamijelinek} @jhu.edu

ABSTRACT

TheStructured_anguageModelaimsatmakingapredictionof the
next word in a givenword string by makinga syntacticalanalysis
of theprecedingvords.However, it faceghedatasparsenegsrob-
lem becaus®f thelargedimensionalityanddiversity of theinfor-
mationavailablein the syntacticparses.In previouswork [1, 2],
we proposedisingneuralnetwork modelsfor theSLM. Theneural
network modelis bettersuitedto tacklethe datasparsenesgrob-
lem andits usegave significantimprovementsin perpleity and
word errorrateover thebaselineSLM.

In this paperwe presenta nev methodof training the neural
netbasedSLM. The presentegrocedurenakesuseof the partial
parsesypothesizedy the SLM itself, andis moreexpensve than
theapproximatdrainingmethodusedin previouswork.

Experimentswith the new training methodon the UPennand
WSJcorporashav significantreductionsin perpleity andword
errorrate,achieving thelowestpublishedresultsfor thegivencor-
pora.

1. INTRODUCTION

The role of a statisticallanguagemodelis to assigna probabil-
ity P(W) to ary givenword stringW = wiws...wy. Thisis
usuallydonein aleft-to-right manneiby factoringthe probability:

P(W)=P(wiwa-—-wn)=P(w1) [Tf_y P(w;|W;™")

wherethesequencef wordsw;ws . . . w; is denotedy W{ Ide-

ally, the languagemodel should usethe entire history Wi~ to

male its predictionfor word w;. However, becaus®f datasparse-
nesssome equivalenceclassificationof histories W~ should
be employed. The popular N-gram models classify the word

string Wy~ into W/~ ; and perform surprisinglywell given

their simple structure. Neverthelessthey lack the ability to use
longerhistories(locality problem),andstill suffer from severedata
sparsenesavenfor smallvaluesof N.

The Structued Languaye Model (SLM) aimsat overcoming
the locality problemby constructingsyntacticalparsesof a word
string and usingthe informationfrom thesepartial parsego pre-
dict the next word [3]. In this manner the SLM also addresses
oneotherproblemof the N-grammodels:the useof surface(lex-
ical) wordsonly; by usinginformationfrom the deepersyntactic
structureof theword strings.

Distributedrepresentatiorof variablescombinedwith a neu-
ral network for probability estimation, has enabledthe use of
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longerprobabilisticdependenciegl]. TheSLM usesV-gramtype
dependenciefor its internalcomponentsandit would be desir
able to implementthem by neuralnetworks that canuselonger
andricherdependenciesn fact, the useof neuralnetwork mod-
elsin the SLM hasleadto significantreductionsn bothperpleity
andword errorrate[1, 2].

In this paperwe investigatefurther the use of a neuralnet
model as the componentof the SLM responsiblefor predicting
the next word basedon the partial parsesof the precedingword
string. In previouswork, the neuralnetcomponentvastrainedon
parsesxtractedfrom anexternaltreebankanexternalsource)1].
We presenterean exacttraining procedurewhich optimizesthe
properlikelihood function computedusing the partial parseshy-
pothesizedy the SLM itself. The new training methodinvolves
usingmultiplepartialparsesteachposition,whichresultsn adif-
ferentobjective function,andhencea differenttraining algorithm
for theneuralnetwork.

Section2 senesasanintroductionto the SLM. In Section3
we describethe neuralnetwork modelandexplain how it is used
in the SLM, giving the detailsof the updatealgorithmfor training
on multiple partial parses.Experimentalresultsare presentedn
Sectiond.

2. STRUCTURED LANGUAGE MODEL

An extensie presentatiorof the SLM canbe foundin [3]. The
model assignsa probability P(W, T') to every sentencé/ and
every possiblebinary parseT of W. Theterminalsof T' arethe
wordsof W with POStags,andthenodesof T' areannotatedvith
phraseheadverdsandnon-terminalabels.

Let W beasentencef n wordsto which we have prepended
thesentencéeginningmarker<s> andappendethesentencend
marler </ s> sothatwy =<s> andw,+1 =</s>. LetW;, =
wo . . . w, betheword k-prefix of thesentence— thewordsfrom
the beginning of the sentencaup to the currentposition k— and
Wi, Tk, the word-parse k-prefix Figure 1(a) shavs a word-parse
k-prefixwhereh_0, .., h_{-n} aretheexposecheadseach
headbeinga pair (headverd, non-terminallabel), or (word, POS
tag) in the caseof a root-only tree. For a given word-parsek-
prefixtheheadverdsarepercolatedottom-upin arule-basedon-
probabilisticprocedure.

2.1. Probabilistic Model

The operationof the SLM is characterizedby the finite statema-
chinein Figure 1(b). The joint probability P(W,T) of a word



sequenc@V andacompleteparseT’ canbe expresseds:

P(W,T)=
1
szl [P(wg Wi 1Tk —1) P(tg|Wr—1Tk—1,wg)-
N
1,25 PoF (Wi 1 Tim 1w, te 05 .0F_1)] (1)

where:

® Wi_1T,—1 istheword-parsgk — 1)-prefix

e wy, is theword predictedby PREDICTOR

o t;, isthePOStagassignedo wy, by the TAGGER

e N;, — 1 is the numberof operationghe CONSTRIUCTOR exe-
cutesatsentenc@ositionk beforepassingcontrolto thePREDIC-
TOR (the N, — th operationAt positionk is thenul | transition);
e p* denoteshe: — th CONSTRUCTOR operationcarriedout
at positionk in the word string; the operationsperformedby the
CONSTRJICTORensureghatall possiblebinarybranchingparses,
with all possibleheadverd andnon-terminalabelassignmentfor
the w; ... wy, word sequencecanbe generated.The pf . .. p%,
sequencef CONSTRICTOR operationsat positionk grows the
word-parsdk — 1)-prefixinto aword-parsek-prefix.

assign probability to word

PREDICTOR
start a

new tsem ence @
h_{m}=(<s> SB) h_{-1} h_0 = (h_0.word, h_0.tag) nul 1 tag word
|

(<5, SB) oo (WP, 1) (W_AP+LY LAP+LY) v (W_k, t_K) W_{k+1}... </s>  expand partial parse

(b) FSM

(a) word-parsek-prefix

Fig. 1. A partialparseandFSM representationf SLM

The numberof possibleparsesfor a given sentencegrows
exponentiallywith sentencdength andthereforein practice,the
SLM usesa multi-stak searchstratgy with pruningto construct
andstoreonly themorelikely parses.

The language modelprobability assignmenfor the word at
positionk + 1 in theinput sentencés madeusing:

Y1y, eS8y, P@rt1WeTi)-o(Wi, Tr)  (2)

P(WTy)/ S1y e s, PWiTk)s (3)

Psr v (wrg1|We) =

p(Wy,T) =

which ensures properprobability normalizationover stringsW,
wheresS}, is thesetof all parsepresentn our stacksatthecurrent
stagek. The scorep(Ws,Tk) is the weight of the partial parse
(W4, T, in thestacksat positionk.

As canbe seenthe probability P(w|Wk—1T%—1) is usedin
two differentcapacitiedn the operationof the SLM. Oncein the
constructiorof andassignmenof probabilitiesto thepartialparses
(Equationl), andthenin computingthe probability of the next
word usingthealreadyconstructegbartialparsegEquation?). We
will referto the secondnodelasthe SCORERcomponenhence-
forth.

2.2. SCORER Training

TheSLM trainingprocedurenvolvesusingatreebankrom which
eachcomponentmodel is estimatedby training it on the cor-
respondingevents extractedfrom the completeparses. Conse-
quently the PREDICTOR components trained maximizing the
joint probability givenin Equationl over the training data. Since
boththe PREDICTOR and SCORERhave the sameprobabilistic
model, it is possibleto copy the estimatedREDICTOR directly
into the SCORERcomponent. In fact, experimentswith a neu-
ral net SCORERhave shavn that this “mismatched”training of

the SCORERIeadsto significantimprovementsn perpleity and
word errorrate[1]. Thetrainingis mismatchedecaus¢hemodel
is trainedto maximizethe probability given by Equationl while
it is going to be usedin estimatingprobabilitiesin the form of
Equation3. Thereforejt is desirableo train the SCORERspecif-
ically to maximizethe likelihoodof the training dataasgiven by
Equation3.

In general,we can assumethat the type of eventsencoun-
teredby the PREDICTOR andthe SCORERare similar to each
other andthatthelikelihoodcomputedusingEquationl would be
a good approximationof the more properleft-to-right likelihood
obtainedrom Equation3.

In orderto train the SCORERto directly optimizethe left-to-
rightlikelihood,we mustfirst estimatehe PREDICTOR,the TAG-
GER, andthe CONSTRJCTOR components.Then, usingthese
estimatedmodelswe will build (hypothesize)partial parsesover
the sametraining dataand computetheir correspondingscores.
The SCORERcomponents thenestimatedisingthesescoredpar
tial parsesNoticethatin this casewe would have multiple partial
parsesper position (insteadof one), therefore the price paid for
this more“exact” trainingis a considerabléncreasen thenumber
of training events (which translateso a proportionalincreasen
modelsize andtraining time for N-gram and neuralnet models
respectiely).

3. NEURAL NETWORK MODEL

In a neuralnetwork basedanguagenodelwordsarerepresented
by pointsin a continuousmulti-dimensionafeaturespaceandthe
probabilityof asequencef wordsis computecby meanf aneu-
ral network. Thefeaturevectorsof the precedingvordsmale up
theinputto the neuralnetwork, which thenwill producea proba-
bility distribution over a givenvocalulary [4]. The mainideabe-
hind this modelis to malke the estimationtaskeasierby mapping
words from the high-dimensionatiscretespacethey exist in, to
a low-dimensionakontinuousonewhereprobability distributions
aresmoothfunctionsin theirvariables.Thenetwork achiezesgen-
eralizationby assigningo anunseerword sequence probability
closeto that of a “similar” word string seenin the training data.
The similarity is definedasbeingclosein the multi-dimensional
featurespace.Sincethe probability functionis a smoothfunction
of thefeaturevectors,a smallchangen thefeaturedeadsto only
asmallchangen theprobability

3.1. Model Details

Supposehe goalis to computethe probability of a certainevent
Y = y giventhevalueszi, zs,- - - , , Of m conditioningvari-
ables.The conditionalprobability function P(y|z1, z2, - - - , Zm)
is determinedn two parts:

1. A mappingthatassociates realvectorof fixeddimension
with eachtoken in the input vocalulary V;: the setof all
tokensthatcanbeusedfor prediction

2. A function which takes as the input the concatenatiorof
thefeaturevectorsof theinputitemsz;, z2, - - ,Zm. The
function producesa conditional probability distribution (a
vector)over theoutputvocahulary V,: the setof all tokens
to bepredicted.

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

L=% 5, logP(y*|e},...,o%, ;®)~R(3) 4)



wheresuperscript denoteghet®® eventin thetrainingdata, T’ is
thetraining datasizeand R(®) is a regularizationterm, whichin
our caseis afactorof L2 normsquaredf hiddenandoutputlayer
weights.

input layer

hidden layer output
< [
X2 E L S Yy
X
m tanh softmax

Fig. 2. Theneuralnetwork architecture

The model architectureis givenin Figure2 [4]. The neural
network is fully connectedand containsone hiddenlayer The
operationf theinputandhiddenlayersaregivenby:

F=(f1rmsfa(my)=(F@1), F (@), Flwm))
gr=tanh (; f; L; +B}) k=1,2,...,H
wheref(z) is the d-dimensionalfeaturevectorfor tokenz. The
weightsandbiaseof the hiddenlayeraredenotedy Ly; andB}
respectiely, andH is thenumberof hiddenunits. Indicesareused
to referto specificelementof a matrix or vector
At theoutputlayerof the network we have:

2, =305 9;Sk;j +Bg k=1,2,...,|Vo|

= ezkz =

Xjed
with theweightsandbiaseof theoutputlayerdenoteddy Si; and
By, respectiely. The softmaxlayer (Equation5) ensureghatthe
outputsarevalid probabilitiesand providesa suitableframavork
for learninga probability distribution.

Thek™ outputof theneuralnetwork, correspondingo thek*
itemyy, of theoutputvocahulary, is exactly the soughtconditional
probability: pr, = P(y* = yx|ai, ..., zt,).

The neuralnetwork weightsand biases,aswell asthe input
featurevectors,arelearnedsimultaneouslysingstochastigradi-
entdescentraining via back-propagatiomalgorithm, with the ob-
jective functionbeingthe onegivenin Equation4.

k=1,2,...,| Vo] (%)

Pk

3.2. Neural Network Model for SLM

Recentwork hasshowvn thatenrichingthe probabilisticdependen-
ciesof the SLM componentmodelsleadsto significantimprove-
mentsin theparsingaccurag aswell asto reductionsn bothper
plexity andword error rate [5]. However, a severe caseof data
sparsenessasobsenedin thoseexperiments.

Therefore,it is desirableto use neuralnetwork — capableof
using long and enrichedcontets — to model the SLM compo-
nents[1]. In this work we usea neuralnetwork model as the
SCORERcomponenandtrainit on parsesuilt eitherby anexter-
nal sourceor thebaselineéSLM. All othercomponentsreretained
from the baselineSLM [3] andare parameterizethy V-gramin-
terpolatednodels.

We choseto “upgrade”only the SCORERcomponentnainly
becausealoing so affectsonly the languagemodelestimationpart
of the SLM, keepingthe parseconstructiormachineryunchanged

from thebaselinenodel,thuseconomizingntrainingeffort. Fur-
thermorethe SCORERhasmuchhigherperplity thaneitherthe
TAGGER, or the CONSTRJCTOR, leaving enoughpotentialfor
asignificantimprovementin themodels performance.

3.3. Gradient Descent for Multiple Histories

The SLM stacks,at ary stages, containthe set S; of all partial
parsesconstructedand kept by the model up to that stage. The
probability of the next word, computedasa weightedaverageof
predictionsby all the retainedpartial parses,is given by Equa-
tion 2. Representinghe kt" partial parseat stagei ashistory h¥
andits weight by p¥, the probability of the word string W7 is
givenby: PWP)=TT7oy SpC) of-P(wilh}) (6)
Wherek(z) denoteshenumberof partialparseghistories)atstage
1. Consequentlythelog-likelihoodof atrainingdataof sizeT” will
bein theform:

LL=xT, log(F9) ok -P(wilnk)) @)

Giventhis objective function,the gradientfor every modelpa-
rameterd is computedasfollows:

Salog P(wi)=; (zog(ztii p?-P(wnh?)))

_ 1 9 (Z’“(i) k. plws | hE
= F =1 Pi P(wilhi)
TR ko p(w;|nk) 99\ TR=1

k(i
=507y TRl ok & P(wi nk)

This meansthat for eachword, the gradient(and parame-
ter updates)for eachpartial parsepredicting the word is com-
puted, and the actual updatewill be a weightedaverageof the
obtainedupdatesywheretheweightsarethefixedscoreof thepar
tial parses.Br moredetailson the algorithmthereaderis referred
to[2].

4. EXPERIMENTS

ThebaselinéSLM componentareparameterizedsfollows: both
the PREDICTOR and the SCORERusethe two previous heads
asthe context. The CONSTRJCTOR usesthe samecontext plus
the non-terminaltag of the third previous headverd, and finally
the TAGGERusesthe currentword plus the tagsonly of the two
previous headsasits context.

All the componentsexcept the SCORERwere trained on
parsesobtainedfrom an external source. The estimatedmodel
wasthenusedto construct(hypothesizepartialparse®onthesame
training data. The neuralnet SCORERwasthentrainedon these
newly generatedpartial parses. The inputsto the network area
mixture of wordsandnon-terminatags,with eachitembeingrep-
resentedy a 30 dimensionafeaturevector All theneuralnetsin
theseexperimentshave 100 hiddenunits andweretrainedwith a
startinglearningrateof 1072,

Before training the neural net SCORER on the partial
parses,we traineda separateneuralnet SCORERonN the same
eventsthe PREDICTOR wasestimatedrom (externally produced
parses)1]. Following the conventionof Section2.2, we referto
thelattermodelasthemismattiedSCORERandto theonetrained
on SLM hypothesizedpartial parsesas the exact SCORER.To
speedup corvergence the exact SCORERtraining wasinitialized
by copying the parameterfrom thetrainedmismatcheSCORER.
This resultedin a significantreductionin the numberof iterations
requiredto trainthemodel.



Ourexperimentaketupis asfollows: for perpleity resultswe
usedthe UPennTreebankportion of the WSJcorpus.The corpus
is dividedinto training,heldout,andtestsetscontainingd30k, 74k,
and82k wordsrespectiely. We usedan openvocahulary consist-
ing of 10k words. Theinput vocalulary includesan additional40
part-of-speecliPOS)and54 non-terminalNT) tags.

The WER experimentsconsistedf the re-scoringof the K-
bestlist outputby aspeechecognizerWe evaluatedourmodelsin
theWSJDARPA'93 HUB1 testsetup.Thetestsetis acollectionof
213utterancedor atotal of 3446words. The 20k wordsopenvo-
calularyandbaseline8-grammodelarestandaradnesprovidedby
NIST andLDC. Theinput vocalulary wasagainaugmentedvith
the 94 tagsmentionedabove; hawever, in orderto save on train-
ing compleity, the outputvocahulary was limited to the top 5k
words, resultingin a proportionalreduction(x 4 times)in train-
ing time [6] (6.2% OOV on training data). For the wordsoutside
this limited vocalulary we usedthe probabilitiesfrom a regular
back-of 5-grammodel. The lattice and K -bestlists weregener
atedusingthestandar@-grammodeltrainedon 45M wordsof the
WSJcorpus.However, thebaselineSLM, aswell asall theneural
netmodels,weretrainedon only a 19M wordssubsef the WSJ
text. The heldoutdataconsistedf 1.86Mwords.

Table 1 givesthe perpleities on the UPenncorpus. The row
'SLM’ refersto the baselinemodel while the rows denotedby
2HW’, '3HW’, and’(3+1)HW’ correspondo contets consisting
of 2 previous heads 3 previous headsand3 previous headsplus
thefirst oppositehead.Then'” previousoppositeheads thechild
of n** previousheadthatis notthe headitself. The columnhead-
ings’+slm’, '+3gm’, and’+5gm’ indicatelinearinterpolationwith
thebaselineéSLM, a3-gram,anda5-grammodelrespectiely. The
3-gramand5-grammodelsareinterpolatedKnesefNey smoothed
modelsbuilt on the sametraining dataas the baselineand neu-
ral netbasedSLMs, andgive a perpleity of 148and141onthe
testset,respectiely. For eachentryin thetable,the perpleity of
the neuralnetbasedSLM for both mismatchedand exacttrained
SCORERaregiven, with thelatteronein bold fonts. The neural
netSCORERswweretrainedfor amaximumof 50 and30iterations
in the mismatchand exact casegespectrely. As canbe seenin
the table, the neuralnet basedSLM improves significantly over
the baselinemodel. Furthermorethe exact model shavs consis-
tentimprovementover the mismatchedtase.The lowestfigurein
thetable(107)is the bestpublishedperpleity for this corpus.

The K-bestre-scoringresultsare presentedn Table2. Here
"lattice’ denotesthe scoresobtainedusing the standard3-gram
back-of modelonthe whole 45M wordsof the WSJcorpus.The
5-grammodel(in '+5gm’ column)is againaninterpolatecKneser
Ney smoothedmodel build on the same19M word text asthe
baselineandneuralnetbasedSLM models. All the interpolation
weightswerefoundonthetestsetusinggrid searchwith astepsize
of 0.05, theexceptionis the’'+all’ columnwerethe SLM modelis
combinedwith all otherthreemodelsusinga stepsizeof 0.1. The
mismatchedndexact SCORERnetworksweretrainedfor 30 and
7 iterationsrespectiely. Theresultsshav significantreductionsn
the WER by usinga neuralnetbasedSLM. Also, it canbeclearly
seenthat the exact SCORERtrained model consistentlyoutper
forms the mismatchtrainedone. However, unlike the perpleity
results theconsistentncreasenf contet lengthdoesnottranslate
to consistenimprovementin WER. This hasto do with the fact
that the perpleity of a languagemodelin not highly correlated
with its performancen reducingthe word errorrate. Overall, the
bestresultis achieved by the exactmodel (12.0% WER), which

| no-intpl ~ +slm +3gm +5gm |

SLM 161 161 137 132

2HW 166141 135125 125119 121415

3HW 161A36 13221 123416 119412

(3+1)HW 155431 129417 121413 117410
| All-3 152122 128114 120410 117A07 |

Table 1. UPennPerpleity
| +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 135028 12.7123 12.7124 12523 123120
3HW 13.7029 12.7027 129129 12.7126 12.3124
(3+1)HW 13.2125 12.44123 128024 125021 12.412.0

Table 2. WSJWord Error Rate

is the lowest publishedWER for this particulartestsetup. Note
that this performancds attainedusingonly a subsetof the WSJ
trainingdata.

5. CONCLUSIONS

In this paperwe introducedan exact training procedurefor the
neural net basedStructuredLanguageModel. The exact train-
ing achieves consistentlybetterresultsthan the previously used
methodof approximate(mismatched}raininig. However, since
the training is performedusing “multiple” partial parsesat each
word position,thereis aproportionalincreasen therequiredtrain-
ing time per iteration (thoughfewer iterationsarerequiredif the
modelis initialized by copying the trained mismatchedmodel).
In our experimentsthe averagenumberof partial parsesn exact
training turnedout to be 11.12 and8.68 for the UPennandWSJ
corpusrespectiely, increasingrainingtimesperiterationaccord-
ingly. Ontheotherhand theadwantageof themismatchedraining
is thatit canbeusedto obtainaquickly trainedmodelthatstill out-
performsthe baselineSLM significantly

For future work we planto usethe presentedraining method
for aSLM modelwhereall thecomponentaremodeledby neural
networks.
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