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ABSTRACT

In thispaperwe presentheMaximumNormalizedLik elihoodEs-
timation (MNLE) algorithmandits applicationfor discriminative

training of HMMs for continuousspeectrecognition. The objec-
tive of this algorithmis to maximizethe normalizedframelik eli-

hoodof trainingdata. Insteadof gradientdescentechniquesisu-
ally appliedfor objective function optimizationin otherdiscrim-
inative algorithmssuchas Minimum ClassificationError (MCE)

and Maximum Mutual Information (MMI), we useda modified
Expectation-MaximizatiofEM) algorithmwhich greatly simpli-

fiesandspeedsaup thetraining procedure Evaluationexperiments
shaved betterrecognitionratescomparedo both the Maximum

Likelihood (ML) training methodand MCE/GPD discriminatve

method. In addition,theMNLE algorithmshaved bettergeneral-
izationabilitiesandwasfasterthanMCE/GPD.

1. INTRODUCTION

In recentyears discriminatve trainingmethodshave attractedhe
attentionof mary researcherbecauseahey helpto overcomethe
fundamentalimitationsof thetraditionalmaximumlik elihoodtrain-
ing approach.

Widely-knowvn andpopulardiscriminatve algorithmsinclude
Minimum ClassificationError/GeneralizedProbabilisticDescent
(MCE/GPD) and Maximum Mutual Information (MMI), which
have beensuccessfullyappliedfor speechrecognition[1, 2, 3,
4]. Whenappliedfor modelparameteestimation discriminatie
traininggenerallyoutperformsonventionalML trainingwhenthe
parametricdistribution function (usually Gaussian)f the mod-
elsis inconsistenwith the actualdatadistribution andwhenthe
amountof training datais limited anddoesnot allow reliable pa-
rameterestimation.

The MCE/GPDmethodusesclassificatiorerrorson the train-
ing datadirectlyin its objective function. However, aspointedout
by someresearcherfl, 5], therearesomepracticaldifficultiesas-
sociatedvith thenumberof competingclassesndtheshapeof the
lossfunction. In generalwhenall otherclassesxceptthe target
classareregardedascompetingclassesindtheir numberis large,
the MCE algorithm may becomecomputationallyexpensve. In
addition, althoughthe sigmoidloss function assuregood learn-
ing for sampledaying nearcorrect/incorrecboundariesalmost
no learningoccursfor badly misrecognizedamples.

The objective of the MMI method,on the other hand, is to
maximizethe classa posteriori probability which is not directly
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connectedvith the classificationaccurag. Sincethe calculation
of thea posteriori probabilityrequiredik elihoodsfrom all classes,
however, themethodalsobecomesomputationallyexpensve with
large numberof referenceclasses. In the MMI method,in ad-
dition, gradientdescentalgorithmswhich are slow are typically
usedfor optimizationof the objective function. As pointedin [6],
the GeneralizedProbabilisticDescent{GPD) algorithm canalso
be appliedin the MMI technique.GPDis an effective algorithm,
althoughit is complicatedandrequiresthe adjustmenbf several
free parametersAs concludedn [6], however, thegradientsearch
usedin GPDis usuallyslower thanthe commonEM method,es-
peciallyin alarge-scaldgask. Anotherpossibleapproactfor MMI
optimizationis the useof the extendedBaum-Welch (EBW) algo-
rithm [4, 7]. However, the EBW convergenceis highly sensitve
to the value of constantD, andit hasbeenshawvn that for better
resultsthis constanshouldbe modeldependent.

Theabore mentioneddravbacksof existingdiscriminatve de-
sign methodspromptedus to find a new, lesscomplicated,and
fasterdiscriminatize training method.We thereforedevelopedthe
Maximum NormalizedLik elihood Estimationalgorithmandsuc-
cessfullyappliedit for thetaskof spealer recognition[8, 9]. The
algorithmaimsatincreasingheseparatiombetweerthemostcom-
petitive classes.The objective functionto be maximizedusesthe
likelihoodratio betweerthetargetmodelandits “cohort” of com-
petingmodelstaken for eachframe. For the optimization,we use
thestandardExpectatiorMaximization(EM) algorithmwith some
modifications.This affordsusasimpleandtractablere-estimation
procedure.

2. MAXIMUM NORMALIZED LIKELIHOOD
ESTIMATION ALGORITHM

2.1. The MNLE Objective

First, we definethe normalizedik elihoodof anobserationframe
x givenfor thetargetmodel); as:
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whereXy, ( b; = 14,... , B;) denotesa setof B competingmod-

els (classesyalled background modelsfor the target models. If
x is apartof thetraining datafor themodels, thenwe canregard
Eq. (1) asameasuref hav goodmodel: is onits own datawith
respecto the backgroundnodels.The biggerthis measures, the
betterthe separabilityis betweertheinvolved classesin thesame



manneywe candefinethe normalizedik elihoodof a sequencef
framesX = @, ...,z in thelog domainas:
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Now, we candefineour objective asto maximize Sc(X|\;) for
eachi whichresultsin thefollowing objective function:
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where N is the numberof classes,K,, is the numberof frame

sequences],, . is the numberof framesin the k" sequence,

Xnx = {@nr,:} of the nt" classtraining data,and Aon(b =
1,,...,By) denoteshe backgroundclassedor classn. Next,
our taskis to maximizeF(A) over the collectionof all modelpa-
rameters\ = {Ay,... ,An}.

NotethatEq. (3) canbere-writtenas:
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whereFas 1 (A) is actuallytheobjective of the standardnaximum
likelihood (ML) training. The secondterm Fp(A) is a correc-
tion term responsiblégor the discriminative natureof the MNLE

method.

We canalsoexpressEg. (3) in thefollowing form:
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We call F,, (A) anindividual objective function for classn.

The choiceof thebackgroundnodelsin Eq. (3) greatlyinflu-
encegheperformancef MNLE. We have every reasorto believe
that the target classdatais mostoften misrecognizedvith some
of its closesttompetingclassesTherefore choosinghoseclasses
asbackgroundclasseswill ensurethat maximizing the objectve
functionwill resultin betterseparatiorbetweerthemandthetar
getclass.

The MNL objectie is similar to the MMI objective whende-
fined at the framelevel. However, therearetwo maindifferences.
First, in the MMI objectie, the target classactsasa background
classfor the normalizationof its own likelihood. Second,n the
MNLE objective, only a small numberof the most competitve
classe@reusedasabackgroundset.

2.2. Optimization Algorithm

Let’s considerthe ExpectationMaximization (EM) algorithmfor
the optimizationof the objective function of Eq. (3). Assuming
that our classesare modeledby a mixture of Gaussiardensities
with M pdfsandtakingfor simplicity only onetraining sequence
of samplesye have for the EM auxiliary function:
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wherew,, ; specifieghen’™ models j** mixture. Now, basedn
thenormalizedik elihoodformulation,we have for the conditional
probabilitydensityfunctionsf()’s
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wherec, ; is modeln’s j* mixture coeficientandby, ; (@) =
N(@n,t; in.j, Xn,j) is aGaussiarfunction. By insertingthe Egs.
(8), (9) and(10) into Eq. (7), we getthe final formulafor the Q
function.

The next steprequiresthat derivatives of the () function be
taken with respecto the new parameters ¢, ;, g, ;. andX, ;.
Here, we presentthe final re-estimationequations. The detailed
derivationscanbefoundin [9].
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whereP(wn,;|xn,+) isthea posteriori probabilityof mixturews, ;
giventhe samplex, ¢. In all of theseequations),, meansthe



summationover thosemodelsfor which the currentmodeln has
beenactingasa backgroundnodel. It is easyto recognizethatif
we drop the secondermsfrom the numeratoranddenominators
of Egs. (11), (12), and(13), we getthe standardnaximumlik eli-
hoodre-estimatiorequationsThesecondermsof theseequations
are correctiontermscorrespondingo the correctionterm of the
MNLE objective functionof Eq. (4). Sinceall of there-estimation
equationshave similar structureswe canexpressthemin the fol-
lowing generaform:
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where 6" representghe new parameterestimatefor iteration
i+1, MLE!,,,.. andMLE,,,.. aretermscorrespondingo
maximumlik elihoodestimationexpressionsandCOR;, ,,,...» and
COR},.,o.m arecorrectionterms. Whenuseddirectly, Eq. (18)
causedfluctuationsof the objectve function and thereis also a
dangerof the numeratorand denominatortermsbecomingnega-
tive. In orderto avoid theseproblemsjn practice we usea modi-
fied versionof theabaove equation9]:

9i+1 _ ML?Lumer - 52;:1 COR{Lumer (19)
MLgenom —€ E;‘:l CORglenom

whereM L2,,... andM LY, .. arethevaluesobtainedafterthe
MLE trainingande denotesa fixed learningcoeficient. Our ex-
perimentshave shavn thatEg. (19) leadsto monotonicincreasing
of the objective function up to somepoint, afterwhich it startsto
decrease.

Let'srecallthattheMNLE objectve canbeexpressedsin Eq.
(5). Accordingto this equationthe MNLE objectie is a sumof
theindividual objectvesof all classesThereforethemaximumof
the individual objectvesfor all classewill maximizethe overall
objective function. However, we cannotbe surethatall individual
objectives will reachtheir maximumsat the sameiteration (and
this wasexperimentallyconfirmed). Therefore,jt is reasonabléo
stopthere-estimatiorprocesdor someparticularmodelwhenits
individual objective function comesto be maximum. With this
modification,the MNL training algorithm canbe summarizedas
follows:

Stepl Begin with MLE trainedmodels.Mark all of themodelsas
to bere-estimated.

Step2 Computethe new parameter®f the modelsmarked to be
re-estimatedisingEqg. (19).
Step3 Checkeachclass’individual objective function F, (A) and

markthemodelasnotto bere-estimatedurtherif themax-
imum of F,, (A) hasbeenachieved.

Step4 RepeatStep2 and Step 3 until all modelsare no longer
markedto bere-estimated.

3. EXPERIMENTS

WeimplementedheMNLE trainingalgorithmfor thetaskof spealker
independentecognitionof Japanessyllablesin continuouspeech.
Thereare 114 suchsyllablesin the Japaneséanguagewhich we
considerasseparatelassesEachsyllableis modeledby a left-to-
right hiddenMarkov model(HMM). The segmentedsyllablesare
obtainedautomaticallyfrom continuouslyspolenutterancesising
Viterbi alignment.

A seedeft-to-right 5-stateHMM wastrainedby syllable-sg-
menteddatafrom 500 sentencesf the ATR speechdatabasend
utteredby six male speakrs. The obsenration vectorsfor each
statewererepresentedby one Gaussiardistribution with full co-
variancematrix. They werefurtherrefinedby maximuma poste-
riori (MAP) estimationusingthe same500 sentencesitteredby
another30 malespealers. After that,they wereretrainedby both
the MCE/GPDandMNLE algorithmsusingthe samedataasfor
the MAP training.

For the MNLE training,we useda backgroundcohort)sylla-
ble setconsistingof 15 syllables(classesjleterminediusingall of
thetrainingdatain adwance.

The speectsignalwassampledat 12kHz. The sampleddata
were blocked into framesof 21.33ms durationwith 8 ms frame
shifts. Eachframewasthenanalyzedusing14th orderLPC anal-
ysis and 10 mel-scalecepstralcoeficients were calculatedfrom
the LPC coeficients. The featurevectorswe usedconsistedof
four successie frameswith a reduceddimensionof 20 (from the
original 40) andthefirst andseconddeltacepstrakoeficientsand
enepy [10].

As thetestdata,we usedseggmentedsyllablesfrom 939 news-
paperarticle sentencespolenby nine malespeakrsnot usedfor
theHMM training.

Table 1. Recognitiorratesof trainingdata(%)

Trainingalg. || ACC. | COR. | SUB. | INS. | DEL.
MAP 61.4 77.2 20.6 | 15.8 2.2
MCE 62.8 78.9 19.7 | 16.1 1.4
MNLE 63.9 79.5 18.7 | 15.6 1.8

Table 2. Recognitionratesof testdata(%)

Trainingalg. || ACC. | COR. | SUB. | INS. | DEL.
MAP 50.1 | 68.1 | 29.1 | 180 | 2.8
MCE 48.9 66.5 30.3 | 17.6 3.2
MNLE 51.3 | 69.2 | 285 | 179 | 23

Resultsfor theMAP (whichsenedasthebaseline)MCE/GPD,
andMNLE trainingalgorithmsarepresentedn Table1 andTable
2. As theresultsshav, the MCE/GPDmethodis betterthanMAP
only for the training data. For the testdata,the MCE/GPD per
formancedegradeswhich suggestpoorgeneralizatioron unseen
datafor thistask.Ontheotherhand,the MNLE algorithmoutper
formsthe MAP andMCE/GPDmethoddor boththetrainingand
testdata.

In Fig. 1 andFig. 2, changesreshavn of thetrainingdataac-
curag recognitionratesduringthe MCE/GPDandMNLE training
respectiely. As canbe seenthe MNLE curvesgo up monotoni-
cally andaremuchsmoothethanthe MCE/GPDcurves.Notethat
the MCE/GPD methodneedsabout100 iterationsto achieve its
bestperformanceln contrary the MNLE training achiezesmore
than50%improvementatthefirst severaliterationsandcorverges
atthe 17thiteration.
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Fig. 1. Trainingdatarecognitionrateduring MCE/GPDtraining.

4. CONCLUSION

We introduceda new discriminative training methodwhich, in
contrastto someother discriminatve methods,is basedon the
well-knowvn EM algorithm.

In a task of syllable recognitionin continuousspeech,the
MNLE trainingalgorithmshawved a betterperformancehanboth
the MAP andMCE/GPDmethodsjmproving theresultsby 4.1%
for the training dataand by 2.4% for the testdata. The results
suggestedhatMNLE hasgoodgeneralizatiorabilities on unseen
data.lt is muchfasterthanthe MCE/GPDmethodsinceit requires
alower numberof trainingiterationsanda lower numberof com-
petingclasses.

Futurework will focuson refinementgo this algorithm,such
asapplyingvariableand/orclassdependenkearningsteps.
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