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ABSTRACT

In this paperwe describehow discriminative training canbe ap-
plied to languagemodelsfor speechrecognition.Languagemod-
els are important to guide the speechrecognizer, particularly in
compensatingfor mistakes in acousticdecoding. A frequently
usedmeasureof thequality of languagemodelsis theperplexity;
however, whatis moreimportantfor accuratedecodingis notnec-
essarilyhaving themaximumlikelihood,but ratherthebestsepa-
rationof thecorrectstring from thecompeting,acousticallycon-
fusible hypotheses.Discriminative training canhelp to improve
languagemodelsfor thepurposeof speechrecognitionby improv-
ing the separationof the correcthypothesisfrom the competing
hypotheses.We describethe algorithmanddemonstratemodest
improvementsin word and sentenceerror rateson the DARPA
Communicatortask.

1. INTRODUCTION

Statisticallanguagemodelsareoften usedin speechrecognition
basedon themaximuma posteriori decisionrule to find theopti-
mal wordsequence�� for a givenspeechsignal � :

����	��

�������� ��� ��� ��� �	��

�������� ��� � � � � ��� � ���� ��� � (1)

where��� � � � � is theacousticmodel,and ��� � � is thelanguage
model. Traditionally, languagemodelshave beentrainedto have
maximumlikelihood(P(W)) or minimumperplexity. Althougha
lower perplexity is often correlatedwith a betterrecognitionper-
formance,thecorrelationis not perfect. In fact,onecouldsome-
timeshave a lower perplexity, yet not seea lower error rate. The
traditionalargumentthatwhatwereallywantis minimumclassifi-
cationerror, not maximumlikelihood,alsoholdshere.For exam-
ple,a measureof languagemodelbasedoncompetinghypotheses
hasbeenproposed[1], andit wasarguedthat this measurehasa
highercorrelationwith theworderrorratethanthetraditionalmea-
sureof perplexity. Furthermore,whenassumptionsmadeaboutthe
modelareincorrectandtheamountof datausedto train themodel
not sufficient, maximumlikelihood training yields a suboptimal
solution. In suchcasesdiscriminative trainingbasedon minimum
classificationerroryieldsa bettersolution[2].

Discriminative training of the languagemodel has recently
beensuggestedto improve Chinesespeechrecognition[3]. In
thatpaper, the trainingcorpuswasmanipulatedto increaseor de-
creasethecountsof word sequencesto compensatefor errorsthat
wereobservedduringspeechrecognition.In addition,new words
andword sequencesfrom a tuningsetwereaddedto thelanguage
model.It is unclearhow muchof thereportedimprovementswere
dueto thereductionof out-of-vocabulary wordsandhow muchto�
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themanipulationof word counts.Theamountby which theword
countsshouldbeadjustedat eachstepwasalsonot given.

In thispaper, weproposeamodel-basedapproachfor discrim-
inativetrainingof languagemodels.Thelanguagemodelis trained
usingthegeneralizedprobabilisticdescent(GPD)algorithm[2, 4]
to minimize the string error rate. The motivation is to adjustthe
languagemodelto overcomeacousticconfusionandachieve min-
imum recognitionerror rate. Detailsof this framework aregiven
in thenext section.

2. DISCRIMINATIVE TRAINING

In this section,we describehow theparametersof an � -gramlan-
guagemodelthatis originally trainedusingtheconventionalmax-
imum likelihoodcriterion areadjustedto achieve minimum sen-
tenceerror throughimproving the separationof the correctword
sequencefrom competingword sequencehypotheses.

Given an observation sequence� � representingthe speech
signalanda word sequence

�!�#"%$ � "'& �)(*(+(+� "-, , we definea
discriminantfunction that is a weightedcombinationof acoustic
andlanguagemodelscores:. � ��� � �0/21 �43 � �6587:9;� ��� � � � � � 1 �=< 7>9�� ��� �?� 3 � � (2)

where
1

is theacousticmodel, 3 is the languagemodel,and
5

is
theinverseof thelanguagemodelweight.A commonstrategy for
a speechrecognizeris to selectthe word sequence

�@$
with the

largestvaluefor this function:�A$B�	��

�������� . � � � � �0/C1 �C3 � ( (3)

We canalsorecursively definea list of N-bestword sequencehy-
pothesesasfollows:�ED'� ��

�;�������FG �IH)J K K KCJ �'LNM H . � � � � �0/C1 �
3 � � (4)

where
� D

is the O th besthypothesizedword sequence.
Let
�EP

be theknown correctword sequence.We would like
to comparethediscriminantfunctionfor

�EP
andthatfor Q com-

petingword sequencesR � $ � � & �+(*(+(S� �ETIU hypothesizedby the
recognizerthataredifferentfrom

�EP
. For this purpose,themis-

classificationfunctionis definedto be:V � � � /C1 �43 � � W . � � � � �XP;/
1 �C3 �<ZY � � � � � $ �+(*(+(S� �[T%/C1 �43 � � (5)

wheretheanti-discriminantfunctionrepresentingthecompetitors
is definedas:Y � � � � �A$ �+()(+(=� � T /
1 �
3 ��67>9���\ $T^] TD G $`_ �`a=b . � ��� � �ED�/C1 �43 �2ced:f Hg ( (6)

c is a positive parameterthat controlshow thedifferenthypothe-
sesareweighted. In the limit as cihkj , the anti-discriminant



functionis dominatedby thebiggestcompetingdiscriminantfunc-
tion: Y � � � � � $ �+(*(+(S� �ETZ/C1 �43 �-h . � � � � � $ /l1 �
3 � . Therefore
in this limit, the misclassificationfunction is the differencebe-
tweenthescoresof thebestcompetitorandthecorrectstring.

The interpretationof the misclassificationfunction is that if
it is positive, a sentenceerror is made,if negative, the hypothe-
sizedstring is correct. That is,

V � � � /l1 �
3 �8mon implies anerror
in sentencerecognition,i.e. thediscriminantfunctionfor thecor-
rect word sequenceis lessthan the anti-discriminantfunction of
competingword sequences.To formulateanerrorfunctionappro-
priate for gradientdescentoptimization,a smoothdifferentiable
0-1 functionsuchasthesigmoidfunctionis chosento betheclass
loss function:p � � �2� � p � V � ���q�C� � rr < _ �sa � Wut V � ���v�S<^w��`� (7)

where
t

and w areconstantswhich control theslopeandtheshift
of thesigmoidfunction,respectively.

UsingtheGPDalgorithm,theparametersof thelanguagemodel
canbe adjustediteratively (with stepsize x ) using the following
updateequationto minimizetherecognitionerror:

3zy|{ $}� 3zy W x4~ p � � � /C1 y4�
3=y � ( (8)

The problemof jointly training the acousticandlanguagemodel
discriminatively is importantbut morecomplicated.For simplic-
ity, we herefocuson training only the languagemodeldiscrimi-
natively, keepingthe acousticmodelconstant.We will therefore
only calculate ����� ���C� � J ���� � sothat

~ p ��� p �� V � � V � ��� /C1 �43 �� 3 � (9)

wherethefirst termis theslopeassociatedwith thesigmoidclass-
lossfunctionandis givenby:� p �� V � �6t p � V �v� � r W p � V �v�C� ( (10)

If weregard 3 asbeingparametrizedby the � -gramlog proba-
bilities, to compute ������� � � � J ���� � , we cantake thepartialderivatives
with respectto eachof the log probability parameters.Without
lossof generality, weuseabigramlanguagemodelasanexample.
Let ��������� ��7>9;� ��� "'&�� "%$ � bethebigramlog probabilityfor the
bigram

"-��"-�
. Using the definition of

V
in Equation5 andafter

working out themathematics,we get:� V � � � /l1 �43 �� ��������� ���4W-� � � P � "-��"-� �=<
T� D G $s� D)� � �XD � "-��"-� �v� �

(11)

where

� D � _ �sa=b . � � � � �XD;/C1 �
3 �2c�d] T� G $ _ �saSb . � ��� � � � /C1 �43 �2c�d (12)

and
� � � � "-��"-� � denotesthe numberof timesthe bigram

"-��"-�
appearsin word sequence

�
. Thesetwo equationshold for any� -gram,not just bigram.

Intuitively, if we focusonly on thetop competinghypothesis,
we seethat what the algorithm is doing is countingthe number
of bigramtermsin thecorrectstringandthecompetinghypothe-
sis. All thebigramscommonto bothsentencescancelout andthe
parametersassociatedwith suchbigramsareleft unchanged.For
thebigramsin thecorrectstringbut not in thehypothesizedstring,

we add a little to the log probability parameterassociatedwith
thesebigrams.For thebigramsin thecompetingstringbut not in
thecorrectstring,we decreasethecorrespondingparameters.The
amountof increaseor decreaseis proportionalto the stepsize x ,
thevalueof theslopeof thesigmoidfunctionandthedifferencein
thenumberof timesthebigramappears.Theslopeof thesigmoid
function is 0 for very large positive or negative

V
, so that no ad-

justmentsaredonefor a sentencewhosetotal scoreof thecorrect
stringis muchbetter(alreadycorrect)or muchworse(hopelessto
correct)thanthoseof the competingstrings. This effective deci-
sionboundaryis definedby theparametersof thesigmoidfunctiont

and w .
Noticethattheonly dependenceon theacousticscores(more

specifically the total acousticand languagemodel score)in the
equationsare in � D and in the slope �������� � . In fact, if only the
singlebestcompetitoris used, � D�� r anddoesnot dependon
theacousticscoreat all. Thusthemajor influenceof theacoustic
scoresis throughthevalueof thesigmoidslope,whichdetermines
how muchweighta particulartrainingsamplehasin updatingthe
parameters.

3. ISSUES IN LANGUAGE MODEL ADJUSTMENTS

In this sectionwe discussseveral issuesthat complicatethe sim-
ple formulationthatwe have outlinedin theprevioussection.For
simplicity andwithout lossof generality, wediscussonly abigram
languagemodel.

In the previous section,we showed that the probabilitiesas-
sociatedwith bigramsareadjustedduringdiscriminative training.
If a particularbigram doesnot exist in the languagemodel, the
probabilityof thebigramis computedvia back-off to theunigram
languagemodelaccordingto:��� " & � " $ � �6  � " $ � ��� " & � � (13)

where
  � "%$ � is theback-off weightfor word

"%$
, and ��� "'& � is the

unigramprobabilityof word
"'&

.
Whatdoesit meanthento adjustthe ��� "'&¡� "%$ � , or morepre-

cisely, ��������� ��7:9;� ��� "'&�� "%$ � ? There are different choices:
keep the back-off weight constantwhile adjustingthe unigram
probability1, keepthe unigramprobability constantwhile adjust-
ing theback-off weight,adjustboth,or createa new bigramwith
the backed off probability andadjustthis bigramprobability. In
our initial experiments,we have chosenthe last approach.How-
ever, therearegoodargumentsfor theotherchoicesaswell, in par-
ticular for generalizingthechangesto helpotherinstanceswhich
arenotexactlythesamebigram.For example,if theunigramprob-
ability is adjusted,��� " & � " � � will beadjustedfor every

" � " & that
is not an extant bigramin the languagemodel. If only the back-
off weight is adjusted,we canthink of thataschangingthemass
allocatedfor unseeneventsfollowing word

"%$
.2 How well such

changeswill generalizeto new datais notwell understood.
A relatedissuearisesin class-basedlanguagemodels,where

thebigramprobabilityis givenby:��� "'&¡� "%$ � � ���£¢ 7:�;¤C¤ � "'& � � "%$ � ��� "'&�� ¢ 7:�;¤C¤ � "'& �C� ( (14)

In this case,the adjustmentto the bigramprobability canbe as-
signedto eithertheclassbigramor to theprobabilityof member-
shipof word

" &
in its class.An exampleof a classcouldbea city

name,anda memberof thisclass“Boston.”
1Strictly speaking,theback-off weighthasto bere-calculatedafterthe

unigramprobabilityhasbeenchanged.
2The back-off parameter¥)¦¨§ $N© is not a free parameter, but rathera

function of the assignedmassin an ª -gram and its correspondingmass
in the ( ª -1)-gram. One can thereforeadjustthe parameterby changing
the proportionof assignedmassin the ª -gram,distributing or removing
probabilitymassproportionallyamongtheextant ª -grams.



Anotherinterestingissueis whethercertainbigramprobabili-
tiesshouldbeadjustedif they donothavethesamecontexts. As an
example,supposethecorrectstringis “A B C D” andthecompet-
ing stringis “A X Y D.” Potentialbigramsfor adjustmentsinclude���¬« � ­ � , ��� � � ­ � , ���v� � « � , ���£® � ��� , ���¬¯ � � � , and ���¬¯ � ® � ( Itis obviousthat ���¬« � ­ � shouldbe increasedand ��� � � ­ � should
bedecreased– whatwe aredoing is to stealmassfrom ��� � � ­ �
andgive it to ���¬« � ­ � , andthis is correctbecausethey arecondi-
tionedon thesameevent: “left context is A.” But should ���v� � « �
and���¬¯ � � � beincreasedand���£® � ��� and ���¬¯ � ® � bedecreased?
Theseprobabilitiesareconditionedondifferentevents.If “Y” was
an unfixableerror, then we may not want to decrease���¬¯ � ® �
sincewe want to get “D” correct. If “X” wasan unfixableerror,
thenwe mayevenwantto adjusta new bigram ���v� � ��� .

Suchanalysishaspotentialto improve theoverall word error
rate. However, in this paperwe focuson the sentenceerror rate
andmake thesimplifying assumptionthatall of thedivergentbi-
gramsshouldbeadjusted:���¬« � ­ � , ��� � � ­ � , ���v� � « � , ���£® � ��� ,���¬¯ � � � , and ���¬¯ � ® � . For example,by decreasing���¬¯ � ® � , we
will in fact lower thetotal pathlikelihoodof thecompetingstring
relativeto thecorrectstring,eventhough“D” wascorrect.In other
words, ���¬¯ � ® � notonly affectstherecognitionof “D” but poten-
tially of “Y” aswell.

4. EXPERIMENTAL SETUP

Thedatausedfor experimentswerecollectedaspartof theDARPA
CommunicatorProject(http://fofoca.mitre.org), a projectwith many
academicandindustrialparticipantsaimedat improving natural-
languagemixed-initiative dialoguesystemswith a real back-end.
The specifictaskwasa travel reservation systemallowing users
to make travel arrangementsfor airplaneflights, cars,andhotels.
Naive subjectsrecruitedby NIST wereinstructedto call systems
built by thedifferentparticipatingsites.

The initial languagemodelwasbuilt basedon the transcrip-
tions of calls collectedby ColoradoUniversity prior to theNIST
datacollection.Thissetcontainedabout8.5K sentences.Because
thecallerswereprobablyin Colorado,therewasa strongbiasfor
thedepartingairportDenver in thedata. Therefore,to generalize
the languagemodel,thetranscriptionswereprocessedin orderto
build a class-basedlanguagemodelwith a “city” concept.About
375city/airportnameswereincluded,with initial probabilitieses-
timatedbasedon theairport traffic volumeandweightedtowards
U.S. domesticcities. In addition, date, time, and other phrases
wereaddedto the data. The classesin the class-basedlanguage
modelwerethenexpandedto its individual membersto obtainthe
languagemodelwhichwewill referto asthebaselinein thispaper.

In thesummerof year2000,subjectsrecruitedby NIST called
9 differentparticipatingsites. Of thesecalls,we divided thedata
into two sets,thosemadeto theBell Labssystemandthosemade
to othersites. Our initial experimentswereon a setof datacol-
lectedby Bell Labs,consistingof 1395sentences,which included
NIST subjectsaswell assomedatafrom othersubjects.

Thebaselinelanguagemodelhasabout900unigramsand41K
bigrams.The languagemodelbigramperplexity of this language
modelwith respectto thetestsetof 1395sentencesis 34. Mostof
the perplexity comesfrom the membersof classessuchascities.
Withoutexpandingtheclasses,theperplexity would bebelow 20.

5. RESULTS

Wordgraphs[5] weregeneratedfor the1395sentences,andN-best
sentenceswith their associatedtotal andcomponentacousticand
languagemodelscoreswereextracted.Thescoresfor thecorrect
sentencewereextractedfrom theN-bestlist if thecorrectsentence
wasin the list. Otherwise,thecorrectsentencewasforce-aligned
to the speechto derive an acousticscore. For simplicity, during

discriminative training, we ignoredany sentencein which there
was an out-of-vocabulary (OOV) word, including partial words
which werenot in the dictionary, or if therewereno competing
hypotheses.Out of the 1395 sentences,1077 had no unknown
wordsandat leastonecompetinghypothesis.

These1077sentenceswerefirst usedastrainingdatafor per-
forming discriminative training on the baselinelanguagemodel.
The following parameterswereused: c � n ( r , t@� n ( ° , w � n ,x � n ( ° , Q � ° n (max). During several iterationsof theGPDal-
gorithm,weobservedasteadyreductionin thesentenceerrorrate,
asmeasuredby theselectionof thebesthypothesisout of theN-
bestlist for eachsentence.After ten iterations,thefinal language
modelwastestedon theentiresetof 1395sentencesby decoding
usingthespeechrecognizer. Thepurposeof this first experiment
wasto demonstratethat thealgorithmis working correctlyon the
trainingdata.Comparedto thebaselinelanguagemodel,theword
error ratewasreducedfrom 19.7%to 17.8%,a relative improve-
mentof 10%.Thesentenceerrorratewentfrom 30.9%to 27.0%,a
relative improvementof 13%. Interestingly, thebigramperplexity
increasedfrom 34 to 35, despitethereductionin word error rate;
thisobservationis consistentwith theargumentthatperplexity and
word errorratearenot perfectlycorrelated.

Figure1 shows thehistogramof themisclassificationfunction
for the training databeforeandafter discriminative training. Re-
call that themisclassificationfunction is morenegative whenthe
separationbetweenthecorrectandcompetinghypothesesis larger.
Thefigureshows that thehistogramis shiftedleft, demonstrating
that this separationis indeedincreasedafter discriminative train-
ing. This increasein separationcanimprove therobustnessof the
languagemodel.
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Fig. 1. Histogramof misclassificationfunction before(dashed
line) andafter(solid line) discriminative training.

Thenext experimentis a fair experimentthat involvesround-
robin trainingandtesting.Thesetof sentencesweredivided into
four roughlyequalsubsets.Threesubsetswereusedfor discrimi-
native trainingandthefourth usedfor testingtheresultingmodel.
Thenthesubsetswererotatedsothat four experimentson unseen
datawereperformed,andall theresultswereaveraged.

Table1 shows theresultsof theround-robinexperiment.The
improvementon the training sentencesis larger than on the test
sentences,asexpected.Therelative improvementfor thetraining
sentencesis on the order of 11-15%while that for the test sen-
tencesis ontheorderof 4-6%.About3K new bigramswereadded
to thelanguagemodelthroughpromotion(cf. Section3).



BaselineLM After DT % change
Word Error Rate
TrainingSentences 19.7% 17.5% 11%
TestSentences 19.7% 19.0% 4%
Sentence Error Rate
TrainingSentences 30.9% 26.4% 15%
TestSentences 30.9% 29.0% 6%

Table 1. Roundrobinexperimentsonthebaselineanddiscrimina-
tively trainedlanguagemodels.

In anentirelydifferentexperiment,weusedanew class-based
languagemodelthatwe hadlaterbuilt with moredata(about9K
sentencescollectedby othersitesduringtheNIST datacollection)
andadditionalsemanticclasses.Thedatausedfor discriminative
training includedthe 9K sentences,whereastestingwasdoneon
the1395sentencescollectedby Bell Labs. Only theclassproba-
bilities wereadjustedin this experiment. This hasthe advantage
that the changeswould be moregeneralizable.For example,the
probabilityof any city namefollowing a particularword couldbe
increasedor decreased.On the otherhand,it neglectsthe actual
confusionof aparticularcity namewith otherwordsin thevocabu-
lary. Thebaselineclass-basedbigramlanguagemodelhada word
error rateof 15.9%on the1395sentencetestset,with a sentence
error rateof 25.4%.Preliminaryresultswith discriminative train-
ing gave a relative improvementof about3%: theword error rate
droppedto 15.5%andsentenceerrorrateto 24.7%.

6. DISCUSSION AND CONCLUSION

Wehave formulatedanew wayof doingdiscriminative trainingof
languagemodelsusinga list of N-bestsentencehypothesesfrom
therecognizer. Thegoal is to improve theseparationbetweenthe
totalacousticandlanguagemodelscoresof thecorrectstringfrom
the competingsentences.We showed that after working out the
equationsfor GPDtraining,theequationssimplify into termsthat
includeweightedcountsof � -gramsequencesthat appearexclu-
sively in eitherthecorrector competingsentences.Fromour pre-
liminary experimentsonaspontaneousspeechdatabaseassociated
with a flight reservationdialoguesystem,we showedmodestim-
provementsin wordandsentenceerrorratesof 4-6%.

Evenwith simplediscriminative trainingof classbigrams,we
observedanimprovement.Furtherimprovementsmaybepossible
with tuningof theGPDparameters.Moreover, only theclassprob-
abilitieswereadjusted;it is conceivablethatadjustingthemember
probabilitiesor working with the word � -gramsdirectly can im-
prove theperformance.

However, thereseemsto beabig mismatchbetweenthetrain-
ing andtesterrors,perhapsdueto differentchannelconditionsof
differentsites. If the confusible/error-pronesetsaredifferent in
trainingandtesting,onewould not expectdiscriminative training
to improve the languagemodel for the testset. In addition, just
becauseweknow why somethingis wrongandhow to fix it manu-
ally doesnotmeanthealgorithmcandosowithoutsufficientdata.
As anexample,therecognizermadea mistake: “no i said..” was
recognizedas“um i that ..” Looking at the languagemodeland
training data,we discoveredthat both “i said” and“i that” were
not in thetrainingcorpus,sobothbigramprobabilitieswerecom-
putedusingback-off. Becausethe unigramprobability of “said”
wasmuchsmallerthanfor “that,” the recognizermadetheabove
error. Usingthelimited datasetin thefirst experiment,discrimina-
tive trainingwasnot ableto correctfor this errorbecause“i said”
appearedonly oncein thatset.

The idea of discriminative training on languagemodelsfor
speechrecognitionis an appealingonebecauseprobability mass
canbestolenfrom acousticallydistinctwordswith highprobabili-

tiesanddistributedto acousticallyconfusiblewords.Thusthegoal
of discriminativetrainingof thelanguagemodelis to achievemini-
mumrecognitionerror, whichneednotimply maximumlikelihood
or minimum perplexity. For simplicity, we hadkept the acoustic
modelconstantwhile adjustingthe languagemodel. However, it
hasbeenshown thatdiscriminativetrainingof acousticmodelsde-
pendson the languagemodel[6]. It is thereforeof considerable
interestto formulatea methodfor suchjoint training of acoustic
andlanguagemodels.

The useof an N-bestlist to capturethe competinghypothe-
sesis simplebut perhapsinadequate.Oneproblemis that after
the languagemodel has beenchanged,certainhypothesesmay
emergewhichwerenotcapturedin theN-bestlist. This leadsto an
overly optimisticestimateof theerrorwhile doingthediscrimina-
tive trainingwhich maynot bearout whenthe languagemodelis
re-insertedinto the recognizer. An N-bestlist alsooften includes
sentenceswith only minor differences,for examplein only oneor
two words. As a result,only very few parametersout of the large
numberof parametersin the languagemodelwill endup getting
adjusted.

An improvementwould be to usetheword graphdirectly for
discriminative training. However, the formulation for the word
graph is more difficult becauseit is not clear how to formulate
thecorrectandcompetinghypothesesbecauseof overlappingand
varying durationsof words. Perhapsan interestingexperiment
would beto convert thewordgraphinto awordsausage[7] which
explicitly lays out the competingwords in order. Using word
sausagescanalsoleadto formulationof minimizingtheworderror
rateratherthanthesentenceerrorrate.
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