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ABSTRACT

In this paperwe describehow discriminatve training canbe ap-
plied to languagemodelsfor speechrecognition.Languagemod-
els are importantto guide the speechrecognizer particularly in
compensatingor mistales in acousticdecoding. A frequently
usedmeasureof the quality of languagemodelsis the perpl«ity;
however, whatis moreimportantfor accuratedecodings not nec-
essarilyhaving the maximumlik elihood, but ratherthe bestsepa-
ration of the correctstring from the competing,acousticallycon-
fusible hypotheses.Discriminative training can help to improve
languagamodelsfor the purposeof speectrecognitionby improv-
ing the separatiorof the correcthypothesisirom the competing
hypotheses.We describethe algorithm and demonstratenodest
improvementsin word and sentenceerror rateson the DARPA
Communicatotask.

1. INTRODUCTION

Statisticallanguagemodelsare often usedin speechrecognition
basedon the maximuma posteriori decisionrule to find the opti-

mal word sequencéV for agivenspeectsignal X :

PX|W)P(W)

o @

W = argmax P(W|X) = argmax
w w

whereP (X |W) is theacoustiomodel,and P(W) is thelanguage
model. Traditionally, languagemodelshave beentrainedto have
maximumlik elihood (P(W)) or minimum perpleity. Althougha
lower perpleity is often correlatedwith a betterrecognitionper
formance the correlationis not perfect. In fact, onecould some-
timeshave a lower perpl«ity, yet not seea lower errorrate. The
traditionalargumentthatwhatwe really wantis minimumeclassifi-
cationerror, not maximumlik elihood,alsoholdshere. For exam-
ple,ameasuref languagenodelbasedn competinghypotheses
hasbeenproposed1], andit wasarguedthatthis measurehasa
highercorrelationwith theword errorratethanthetraditionalmea-
sureof perpleity. Furthermorewhenassumptionsnadeaboutthe
modelareincorrectandtheamountof datausedto trainthe model
not sufficient, maximumlikelihood training yields a suboptimal
solution. In suchcasedliscriminatize trainingbasedn minimum
classificatiorerroryieldsabettersolution[2].

Discriminative training of the languagemodel hasrecently
beensuggestedo improve Chinesespeechrecognition[3]. In
thatpaper the training corpuswas manipulatedo increaseor de-
creasahe countsof word sequence® compensatéor errorsthat
wereobsened during speeclrecognition.In addition,nen words
andword sequencefom atuning setwereaddedo thelanguage
model. It is unclearhow muchof thereportedmprovementsvere
dueto thereductionof out-of-vocalulary wordsandhov muchto
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the manipulationof word counts. The amountby which the word
countsshouldbe adjustecdat eachstepwasalsonot given.

In this paperwe proposeamodel-basedpproacHor discrim-
inative trainingof languaganodels.Thelanguagemodelis trained
usingthe generalizegrobabilisticdescen{GPD)algorithm[2, 4]
to minimize the string error rate. The motivationis to adjustthe
languagemodelto overcomeacousticconfusionandachieve min-
imum recognitionerror rate. Detailsof this framevork aregiven
in thenext section.

2. DISCRIMINATIVE TRAINING

In this section,we describehow the parametersf ann-gramlan-
guagemodelthatis originally trainedusingthe cornventionalmax-
imum likelihood criterion are adjustedto achieze minimum sen-
tenceerror throughimproving the separatiorof the correctword
sequencéom competingword sequencéypotheses.

Given an obsenration sequenceX; representinghe speech
signaland a word sequencéd¥V = wi,ws,...,w,, we definea
discriminantfunction thatis a weightedcombinationof acoustic
andlanguageamodelscores:

9(X:,W;A,T) = arlog P(X;|W, A) + log P(WIT),  (2)

whereA is the acousticmodel,T" is the languagemodel,and is
theinverseof thelanguagemodelweight. A commonstratey for
a speechrecognizeris to selectthe word sequencé¥; with the
largestvaluefor this function:

Wi = argmax g(X;, W; A, T). 3)
w

We canalsorecursvely definea list of N-bestword sequencéy-
pothesessfollows:
W, =

argmax  g(X;, W;A,T), (4)

W#Wy,... ,Wr_1

whereW, is therth besthypothesizedvord sequence.

Let Wy betheknown correctword sequenceWe would like
to comparethediscriminantfunctionfor Wy andthatfor N com-
petingword sequence§Wi, W, ... , W } hypothesizedy the
recognizerthat aredifferentfrom Wy. For this purposethe mis-
classificatiorfunctionis definedto be:

+G(X1, W, ..., Wi A, T),

wherethe anti-discriminanfunctionrepresentinghe competitors
is definedas:

G(X;, W1,... ,Wn; A T)
. TN C)
= log (% 320, explg(Xi, Wi A, T)n]) "

7 is a positive parametethat controlshow the differenthypothe-
sesareweighted. In the limit asn — oo, the anti-discriminant



functionis dominatecby thebiggestcompetingdiscriminantfunc-
tion: G(X;, Wh,... ,Wn; A,T") = g(X;, W1; A, T). Therefore
in this limit, the misclassificatiorfunction is the differencebe-
tweenthe scoref the bestcompetitorandthe correctstring.

The interpretationof the misclassificatiorfunction is that if
it is positive, a sentenceerror is made,if negative, the hypothe-
sizedstringis correct. Thatis, d(X;; A,T") > 0 impliesanerror
in sentenceecognition,i.e. the discriminantfunction for the cor-
rectword sequences lessthanthe anti-discriminantfunction of
competingword sequencesto formulatean errorfunctionappro-
priate for gradientdescentoptimization,a smoothdifferentiable
0-1functionsuchasthe sigmoidfunctionis choserto betheclass
loss function:

1
T 1+ exp(—yd(X;) + 6)’

wherey andé areconstantsvhich control the slopeandthe shift
of thesigmoidfunction,respecitiely.
UsingtheGPDalgorithm,theparametersf thelanguagenodel
canbe adjustediteratively (with stepsizee) usingthe following
updateequationto minimizetherecognitionerror:

U(X;) = U(d(X3))

@)

FH—l = Ft - EVZ(Xi; At, Ft). (8)

The problemof jointly training the acousticandlanguagemodel
discriminatiely is importantbut more complicated.For simplic-
ity, we herefocuson training only the languagemodel discrimi-
natively, keepingthe acousticmodelconstant.We will therefore

only calculate?2Xi8) sothat
0l 8d(Xi;A,T)
a od; or ’

wherethefirst termis the slopeassociateavith the sigmoidclass-
lossfunctionandis givenby:

o = ()1~ 1)) (10

Vi

9)

If weregardI’ asbeingparametrizedy then-gramlog proba-
bilities, to compute?¢%i:%0) \ve cantake the partial derivatives
with respectto eachof the log probability parameters.Without
lossof generalitywe useabigramlanguagenodelasanexample.
Let pu,w, = log P(w2|w:) bethe bigramlog probability for the
bigramw,w,. Using the definition of d in Equation5 and after

working outthe mathematicswe get:

N
w = [—I(Wo, wewy) + ZCTI(WT,wmwy) ,
Wa Wy r=1
(11)
where
C, = eXp[g(Xi, We; A: P)W] (12)

> explg(Xi, Wis A, T)n]

andI(W, w,w,) denoteghe numberof timesthe bigramw,w,
appearsn word sequencéd¥V. Thesetwo equationshold for ary
n-gram,notjustbigram.

Intuitively, if we focusonly on thetop competinghypothesis,
we seethat what the algorithmis doing is countingthe number
of bigramtermsin the correctstring andthe competinghypothe-
sis. All thebigramscommonto both sentencesancelout andthe
parametersissociatedvith suchbigramsareleft unchangedFor
thebigramsin the correctstringbut notin thehypothesizedtring,

we add a little to the log probability parameterassociatedvith
thesehigrams. For the bigramsin the competingstring but notin
the correctstring, we decreas¢he correspondingarametersThe
amountof increaseor decreasés proportionalto the stepsizee,
thevalueof theslopeof the sigmoidfunctionandthedifferencein
thenumberof timesthe bigramappearsThe slopeof the sigmoid
functionis 0 for very large positive or negative d, sothatno ad-
justmentsaredonefor a sentencevhosetotal scoreof the correct
stringis muchbetter(alreadycorrect)or muchworse(hopelesto
correct)thanthoseof the competingstrings. This effective deci-
sionboundanyis definedby the parametersf thesigmoidfunction
~ andé.

Notice thatthe only dependencen the acousticscoregmore

specifically the total acousticand languagemodel score)in the

equationsarein C, andin the slope gf;,. In fact, if only the

single bestcompetitoris used,C, = 1 anddoesnot dependon

the acousticscoreat all. Thusthe majorinfluenceof the acoustic
scoress throughthevalueof the sigmoidslope which determines
hov muchweighta particulartraining samplehasin updatingthe

parameters.

3. ISSUESIN LANGUAGE MODEL ADJUSTMENTS

In this sectionwe discussseveral issuesthat complicatethe sim-
ple formulationthatwe have outlinedin the previous section.For
simplicity andwithoutlossof generalitywe discusonly abigram
languagemodel.

In the previous section,we shaved that the probabilitiesas-
sociatedwith bigramsareadjustedduring discriminatie training.
If a particularbigramdoesnot exist in the languagemodel, the
probability of the bigramis computedvia back-of to the unigram
languagemodelaccordingto:

P(w2|wi) = b(w1) P(w2), (13)

whereb(w ) is theback-of weightfor word w:, andP(w-) isthe
unigramprobability of word ws.

Whatdoesit meanthento adjustthe P(ws|w, ), or morepre-
cisely pw,w, = log P(wz|w1)? Thereare different choices:
keep the back-of weight constantwhile adjustingthe unigram
probability, keepthe unigramprobability constantwhile adjust-
ing the back-of weight, adjustboth, or createa newv bigramwith
the bacled off probability and adjustthis bigram probability In
our initial experimentswe have chosenthe lastapproach.How-
ever, therearegoodargumentdor theotherchoicesaswell, in par
ticular for generalizinghe changego help otherinstancesvhich
arenotexactlythesamebigram.For exampleif theunigramprob-
ability is adjusted P (w2 |w;) will beadjustedor every w;w, that
is not an extant bigramin the languagemodel. If only the back-
off weightis adjustedwe canthink of thataschangingthe mass
allocatedfor unseereventsfollowing word w1.2 How well such
changewill generalizeo new datais notwell understood.

A relatedissuearisesin class-basethnguagemodels,where
thebigramprobabilityis givenby:

P(wa|w1) = P(class(ws2)|wi)P(w2|class(w2)). (14)

In this case,the adjustmento the bigram probability canbe as-
signedto eitherthe classbigramor to the probability of member
shipof word ws in its class.An exampleof aclasscouldbea city
name,anda memberof this class‘Boston’

1strictly speakingthe back-of weighthasto bere-calculatedafterthe
unigramprobability hasbeenchanged.

°The back-of parameteb(w) is not a free parameterbut rathera
function of the assignedmassin an n-gramandits correspondingnass
in the (n-1)-gram. One canthereforeadjustthe parameteiby changing
the proportionof assignednassin the n-gram, distributing or removing
probability massproportionallyamongthe extantn-grams.



Anotherinterestingissueis whethercertainbigramprobabili-
tiesshouldbeadjustedf they donothavethesamecontets. Asan
example,supposehe correctstringis “A B C D” andthe compet-
ing stringis “A X 'Y D.” Potentiabigramsfor adjustmentinclude
P(B|A),P(X|A), P(C|B), P(Y|X), P(D|C),andP(D|Y). It
is obviousthat P(B|A) shouldbeincreasednd P(X|A) should
be decreased whatwe aredoingis to stealmassfrom P(X|A)
andgiveit to P(B|A), andthisis correctbecausehey arecondi-
tionedon the sameevent: “left contet is A.” But shouldP(C|B)
andP(D|C) beincrease@&ndP (Y| X) andP(D|Y) bedecreased?
Theseprobabilitiesareconditionedon differentevents.If “Y” was
an unfixable error, then we may not want to decreaseP(D|Y")
sincewe wantto get“D” correct. If “X” wasan unfixableerror,
thenwe may evenwantto adjusta new bigramP(C|X).

Suchanalysishaspotentialto improve the overall word error
rate. However, in this paperwe focuson the sentenceerror rate
andmale the simplifying assumptiorthatall of the divergentbi-
gramsshouldbeadjusted:P(B|A), P(X|A), P(C|B), P(Y|X),
P(D|C),andP(D|Y"). For example by decreasing’(D|Y"), we
will in factlower thetotal pathlik elihood of the competingstring
relativeto thecorrectstring,eventhough“D” wascorrect.In other
words,P(D|Y") notonly affectstherecognitionof “D” but poten-
tially of “Y” aswell.

4. EXPERIMENTAL SETUP

Thedatausedor experimentsverecollectedaspartof the DARPA
CommunicatoiProject(http:/fofoca.mitre.ay), a projectwith mary
academicandindustrial participantsaimedat improving natural-
languagemixed-initiative dialoguesystemswith a real back-end.
The specifictaskwas a travel resenation systemallowing users
to malke travel arrangementsor 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 the NIST
datacollection. This setcontainedabout8.5K sentencesBecause
the callerswereprobablyin Colorado therewasa strongbiasfor
the departingairport Derver in the data. Therefore to generalize
thelanguagemodel,thetranscriptionsvereprocessedn orderto
build a class-basethnguagemodelwith a “city” concept.About
375city/airportnameswereincluded,with initial probabilitieses-
timatedbasedon the airporttraffic volumeandweightedtowards
U.S. domesticcities. In addition, date,time, and other phrases
were addedto the data. The classesn the class-basethnguage
modelwerethenexpandedo its individual membergo obtainthe
languagamodelwhichwewill referto asthebaselingn this paper

In thesummerof year2000,subjectgecruitedby NIST called
9 differentparticipatingsites. Of thesecalls, we divided the data
into two sets thosemadeto the Bell Labssystemandthosemade
to othersites. Our initial experimentswereon a setof datacol-
lectedby Bell Labs,consistingof 1395sentencesyhichincluded
NIST subjectsaswell assomedatafrom othersubjects.

Thebaselindanguaganodelhasaboutd00unigramsand41K
bigrams. The languagemodelbigramperpleity of this language
modelwith respecto thetestsetof 1395sentencess 34. Most of
the perpleity comesfrom the membersof classesuchascities.
Without expandingthe classesthe perpleity would be below 20.

5. RESULTS

Wordgraphg5] weregeneratedor the1395sentencesandN-best
sentencesvith their associatedotal and componentcousticand
languagemodelscoreswvereextracted. The scoresfor the correct
sentencevereextractedfrom theN-bestlist if thecorrectsentence
wasin thelist. Otherwise the correctsentencevasforce-aligned
to the speechto derive an acousticscore. For simplicity, during

discriminatie training, we ignoredary sentencen which there
was an out-of-vocakulary (OOV) word, including partial words
which were not in the dictionary or if therewereno competing
hypotheses.Out of the 1395 sentences1077 had no unknavn
wordsandatleastonecompetinghypothesis.

Thesel077sentencewverefirst usedastraining datafor per
forming discriminatie training on the baselinelanguagemodel.
Thefollowing parametersvereused:n = 0.1, v = 0.5, § = 0,
e = 0.5, N = 50(max). During severaliterationsof the GPD al-
gorithm,we obsereda steadyreductionin thesentencerrorrate,
asmeasuredy the selectionof the besthypothesisout of the N-
bestlist for eachsentenceAfter teniterations thefinal language
modelwastestedon the entiresetof 1395sentenceby decoding
usingthe speechrecognizer The purposeof this first experiment
wasto demonstrat¢hatthe algorithmis working correctlyon the
trainingdata.Comparedo the baselindanguagemodel,theword
error ratewasreducedrom 19.7%to 17.8%,a relative improve-
mentof 10%. Thesentencerrorratewentfrom 30.9%to 27.0%,a
relative improvementof 13%. Interestingly the bigramperpleity
increasedrom 34 to 35, despitethe reductionin word errorrate;
thisobsenrationis consistentvith theargumenthatperpleity and
word errorratearenot perfectlycorrelated.

Figurel shaws thehistogramof the misclassificatiorfunction
for the training databeforeandafter discriminatve training. Re-
call thatthe misclassificatiorfunction is more negative whenthe
separatiofbetweerthecorrectandcompetinghypothesess larger.
The figure shavs thatthe histogramis shiftedleft, demonstrating
thatthis separatioris indeedincreasedafter discriminative train-
ing. Thisincreasdn separatiorcanimprove the robustnes®f the
languagemodel.
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Fig. 1. Histogramof misclassificationfunction before (dashed
line) andafter(solid line) discriminatve training.

The next experimentis a fair experimentthatinvolvesround-
robin training andtesting. The setof sentencesveredivided into
four roughly equalsubsetsThreesubsetsvereusedfor discrimi-
native trainingandthe fourth usedfor testingthe resultingmodel.
Thenthe subsetsvererotatedso thatfour experimentson unseen
datawereperformedandall theresultswereaveraged.

Table1 shawvs the resultsof the round-robinexperiment. The
impravementon the training sentencess larger thanon the test
sentencesasexpected.Therelative improvementfor thetraining
sentencess on the order of 11-15%while that for the testsen-
tenceds ontheorderof 4-6%. About 3K new bigramswereadded
to thelanguagemodelthroughpromotion(cf. Section3).



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

Table 1. Roundrobin experimentsonthebaselineanddiscrimina-
tively trainedlanguagemodels.

In anentirelydifferentexperimentwe usedanew class-based
languagemodelthatwe hadlater built with more data(about9K
sentencesollectedby othersitesduringthe NIST datacollection)
andadditionalsemanticclasses.The datausedfor discriminatve
training includedthe 9K sentenceswhereagestingwasdoneon
the 1395sentencesollectedby Bell Labs. Only the classproba-
bilities were adjustedin this experiment. This hasthe advantage
thatthe changesvould be more generalizable.For example,the
probability of ary city namefollowing a particularword could be
increasedr decreasedOn the otherhand,it neglectsthe actual
confusionof aparticularcity namewith otherwordsin thevocahu-
lary. Thebaselineclass-basetligramlanguagemodelhadaword
errorrateof 15.9%on the 1395sentenceestset,with a sentence
errorrateof 25.4%. Preliminaryresultswith discriminative train-
ing gave a relative improvementof about3%: theword errorrate
droppedo 15.5%andsentencerrorrateto 24.7%.

6. DISCUSSION AND CONCLUSION

We have formulateda new way of doingdiscriminatize training of
languagemodelsusinga list of N-bestsentencénypothese$rom
therecognizer The goalis to improve the separatiorbetweerthe
total acoustiandlanguaganodelscoref thecorrectstringfrom
the competingsentencesWe shaved that after working out the
equationdor GPDtraining, the equationsimplify into termsthat
include weightedcountsof n-gram sequencethat appearexclu-
sively in eitherthe corrector competingsentenceskromour pre-
liminary experimentonaspontaneouspeectdatabasassociated
with a flight resenation dialoguesystem we shaved modestim-
provementsn word andsentencerrorratesof 4-6%.

Evenwith simplediscriminatie training of classbigrams we
obseredanimprovement.Furtherimprovementsnaybe possible
with tuningof theGPDparametersMoreover, only theclassprob-
abilitieswereadjustedijt is concevablethatadjustingthe member
probabilitiesor working with the word n-gramsdirectly canim-
prove the performance.

However, thereseemso be a big mismatchbetweerthetrain-
ing andtesterrors,perhapsueto differentchannelconditionsof
differentsites. If the confusible/erroprone setsare differentin
training andtesting,onewould not expectdiscriminatve training
to improve the languagemodelfor the testset. In addition, just
becauseve know why somethings wrongandhow to fix it manu-
ally doesnot meanthealgorithmcando sowithout sufiicientdata.
As anexample,therecognizemadea mistale: “no i said..” was
recognizedas“um i that.” Looking at the languagemodeland
training data, we discoreredthat both “i said” and"i that” were
notin thetraining corpus sobothbigramprobabilitieswerecom-
putedusingback-of. Becausehe unigramprobability of “said”
wasmuchsmallerthanfor “that,” the recognizemadethe above
error. Usingthelimited datasetin thefirst experimentdiscrimina-
tive trainingwasnot ableto correctfor this errorbecauséi said”
appeareanly oncein thatset.

The idea of discriminatize training on languagemodelsfor
speectrecognitionis an appealingone becauseprobability mass
canbestolenfrom acousticallydistinctwordswith high probabili-

tiesanddistributedto acousticallyconfusiblewords. Thusthegoal
of discriminatve trainingof thelanguagemodelis to achieve mini-
mumrecognitionerror, which neednotimply maximumlik elihood
or minimum perpl«ity. For simplicity, we hadkeptthe acoustic
model constantwhile adjustingthe languagemodel. However, it
hasbeenshavn thatdiscriminative trainingof acoustianodelsde-
pendson the languagemodel[6]. It is thereforeof considerable
interestto formulatea methodfor suchjoint training of acoustic
andlanguageamodels.

The useof an N-bestlist to capturethe competinghypothe-
sesis simple but perhapsinadequate.One problemis that after
the languagemodel has beenchanged,certain hypothesesnay
emepgewhichwerenotcapturedn theN-bestlist. Thisleadsto an
overly optimisticestimateof the errorwhile doingthediscrimina-
tive training which may not bearout whenthe languagemodelis
re-insertednto the recognizer An N-bestlist alsooftenincludes
sentencewith only minor differencesfor examplein only oneor
two words. As aresult,only very few parametersut of thelarge
numberof parametersn the languagemodelwill endup getting
adjusted.

An improvementwould be to usethe word graphdirectly for
discriminative training. However, the formulation for the word
graphis more difficult becauset is not clearhow to formulate
the correctandcompetinghypothesedecaus®f overlappingand
varying durationsof words. Perhapsan interestingexperiment
would beto corverttheword graphinto aword sausagé§7] which
explicitly lays out the competingwords in order Using word
sausagesanalsoleadto formulationof minimizing theword error
rateratherthanthe sentencerrorrate.
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