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ABSTRACT

In thispaper, wepresenttheMaximumNormalizedLikelihoodEs-
timation(MNLE) algorithmandits applicationfor discriminative
trainingof HMMs for continuousspeechrecognition.Theobjec-
tive of this algorithmis to maximizethenormalizedframelikeli-
hoodof trainingdata.Insteadof gradientdescenttechniquesusu-
ally appliedfor objective function optimizationin otherdiscrim-
inative algorithmssuchasMinimum ClassificationError (MCE)
and Maximum Mutual Information (MMI), we useda modified
Expectation-Maximization(EM) algorithmwhich greatlysimpli-
fiesandspeedsup thetrainingprocedure.Evaluationexperiments
showed betterrecognitionratescomparedto both the Maximum
Likelihood (ML) training methodandMCE/GPDdiscriminative
method.In addition,theMNLE algorithmshowed bettergeneral-
izationabilitiesandwasfasterthanMCE/GPD.

1. INTRODUCTION

In recentyears,discriminative trainingmethodshave attractedthe
attentionof many researchersbecausethey help to overcomethe
fundamentallimitationsof thetraditionalmaximumlikelihoodtrain-
ing approach.

Widely-known andpopulardiscriminative algorithmsinclude
Minimum ClassificationError/GeneralizedProbabilisticDescent
(MCE/GPD) and Maximum Mutual Information (MMI), which
have beensuccessfullyapplied for speechrecognition[1, 2, 3,
4]. Whenappliedfor modelparameterestimation,discriminative
traininggenerallyoutperformsconventionalML trainingwhenthe
parametricdistribution function (usually Gaussian)of the mod-
els is inconsistentwith the actualdatadistribution andwhenthe
amountof trainingdatais limited anddoesnot allow reliablepa-
rameterestimation.

TheMCE/GPDmethodusesclassificationerrorson thetrain-
ing datadirectly in its objective function.However, aspointedout
by someresearchers[1, 5], therearesomepracticaldifficultiesas-
sociatedwith thenumberof competingclassesandtheshapeof the
lossfunction. In general,whenall otherclassesexceptthe target
classareregardedascompetingclassesandtheir numberis large,
the MCE algorithm may becomecomputationallyexpensive. In
addition,althoughthe sigmoid loss function assuresgood learn-
ing for sampleslaying nearcorrect/incorrectboundaries,almost
no learningoccursfor badlymisrecognizedsamples.

The objective of the MMI method,on the other hand,is to
maximizethe classa posteriori probability, which is not directly�
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connectedwith the classificationaccuracy. Sincethe calculation
of thea posteriori probabilityrequireslikelihoodsfrom all classes,
however, themethodalsobecomescomputationallyexpensivewith
large numberof referenceclasses. In the MMI method,in ad-
dition, gradientdescentalgorithmswhich are slow are typically
usedfor optimizationof theobjective function. As pointedin [6],
the GeneralizedProbabilisticDescent(GPD) algorithmcanalso
beappliedin theMMI technique.GPDis aneffective algorithm,
althoughit is complicatedandrequiresthe adjustmentof several
freeparameters.As concludedin [6], however, thegradientsearch
usedin GPDis usuallyslower thanthecommonEM method,es-
peciallyin a large-scaletask.Anotherpossibleapproachfor MMI
optimizationis theuseof theextendedBaum-Welch(EBW) algo-
rithm [4, 7]. However, the EBW convergenceis highly sensitive
to the valueof constantD, andit hasbeenshown that for better
resultsthis constantshouldbemodeldependent.

Theabovementioneddrawbacksof existingdiscriminativede-
sign methodspromptedus to find a new, lesscomplicated,and
fasterdiscriminative trainingmethod.We thereforedevelopedthe
MaximumNormalizedLikelihoodEstimationalgorithmandsuc-
cessfullyappliedit for thetaskof speaker recognition[8, 9]. The
algorithmaimsatincreasingtheseparationbetweenthemostcom-
petitive classes.Theobjective functionto bemaximizedusesthe
likelihoodratio betweenthetargetmodelandits “cohort” of com-
petingmodelstakenfor eachframe.For theoptimization,we use
thestandardExpectationMaximization(EM) algorithmwith some
modifications.Thisaffordsusasimpleandtractablere-estimation
procedure.

2. MAXIMUM NORMALIZED LIKELIHOOD
ESTIMATION ALGORITHM

2.1. The MNLE Objective

First,we definethenormalizedlikelihoodof anobservationframe� givenfor thetargetmodel
���

as:
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denotesa setof
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competingmod-
els (classes)calledbackground modelsfor the target model ' . If� is a partof thetrainingdatafor themodel ' , thenwe canregard
Eq. (1) asa measureof how goodmodel ' is on its own datawith
respectto thebackgroundmodels.Thebiggerthis measureis, the
bettertheseparabilityis betweentheinvolvedclasses.In thesame



manner, we candefinethenormalizedlikelihoodof a sequenceof
frames( � � � �"!"!"!#� ��) in the *,+
- domainas:
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Now, we candefineour objective as to maximize
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	 ( � ��� 
 for

each' which resultsin thefollowing objective function:
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where C is the numberof classes,D 9 is the numberof frame
sequences,E 9BA
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our taskis to maximize
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over thecollectionof all modelpa-
rameters
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NotethatEq. (3) canbere-writtenas:
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where
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is actuallytheobjectiveof thestandardmaximum
likelihood (ML) training. The secondterm
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is a correc-

tion term responsiblefor the discriminative natureof the MNLE
method.

WecanalsoexpressEq. (3) in thefollowing form:
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where
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Wecall
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anindividual objective function for classK .
Thechoiceof thebackgroundmodelsin Eq. (3) greatlyinflu-

encestheperformanceof MNLE. Wehave every reasonto believe
that the target classdatais mostoften misrecognizedwith some
of its closestcompetingclasses.Therefore,choosingthoseclasses
asbackgroundclasseswill ensurethat maximizing the objective
functionwill resultin betterseparationbetweenthemandthetar-
getclass.

TheMNL objective is similar to theMMI objective whende-
finedat theframelevel. However, therearetwo maindifferences.
First, in theMMI objective, the target classactsasa background
classfor the normalizationof its own likelihood. Second,in the
MNLE objective, only a small numberof the most competitive
classesareusedasa backgroundset.

2.2. Optimization Algorithm

Let’s considertheExpectationMaximization(EM) algorithmfor
the optimizationof the objective function of Eq. (3). Assuming
that our classesaremodeledby a mixture of Gaussiandensities
with \ pdfsandtakingfor simplicity only onetrainingsequence
of samples,we have for theEM auxiliary function:
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where
b 9BA _ specifiesthe K

04G
model’s c
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mixture. Now, basedon

thenormalizedlikelihoodformulation,wehavefor theconditional
probabilitydensityfunctions
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where
� 9BA _ is model K ’s c
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mixturecoefficient and
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 is a Gaussianfunction. By insertingtheEqs.
(8), (9) and(10) into Eq. (7), we get the final formula for the

]
function.

The next steprequiresthat derivatives of the
]

function be
taken with respectto thenew parameters-

� 9BA _ , l 9BA _ , and m 9>A _ .
Here,we presentthe final re-estimationequations.The detailed
derivationscanbefoundin [9].
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given the sample� 9BA
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summationover thosemodelsfor which the currentmodel K has
beenactingasa backgroundmodel. It is easyto recognizethat if
we drop thesecondtermsfrom thenumeratorsanddenominators
of Eqs. (11), (12), and(13),we get thestandardmaximumlikeli-
hoodre-estimationequations.Thesecondtermsof theseequations
arecorrectiontermscorrespondingto the correctionterm of the
MNLE objective functionof Eq. (4). Sinceall of there-estimation
equationshave similar structures,we canexpressthemin the fol-
lowing generalform:
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maximumlikelihoodestimationexpressions,and
����� �9
���5�i� and����� �� �i9��k� arecorrectionterms. Whenuseddirectly, Eq. (18)

causesfluctuationsof the objective function and there is also a
dangerof the numeratoranddenominatortermsbecomingnega-
tive. In orderto avoid theseproblems,in practice,we usea modi-
fied versionof theabove equation[9]:

� ��� � � \��6�9.�.�e�i� R[� � �_ � � ����� _ 9
���5�i�
\�� �� �i9��g� R[� � �_ � � ����� _ � ��9.�k� (19)

where \O� �9
���5�i� and \�� �� �i9.�k� arethevaluesobtainedafterthe
MLE trainingand

�
denotesa fixed learningcoefficient. Our ex-

perimentshave shown thatEq. (19) leadsto monotonicincreasing
of theobjective functionup to somepoint, afterwhich it startsto
decrease.

Let’srecallthattheMNLE objectivecanbeexpressedasin Eq.
(5). Accordingto this equation,theMNLE objective is a sumof
theindividualobjectivesof all classes.Therefore,themaximumof
the individual objectivesfor all classeswill maximizetheoverall
objective function. However, we cannotbesurethatall individual
objectives will reachtheir maximumsat the sameiteration (and
this wasexperimentallyconfirmed).Therefore,it is reasonableto
stopthere-estimationprocessfor someparticularmodelwhenits
individual objective function comesto be maximum. With this
modification,the MNL training algorithmcanbe summarizedas
follows:

Step1 Begin with MLE trainedmodels.Mark all of themodelsas
to bere-estimated.

Step2 Computethe new parametersof the modelsmarked to be
re-estimatedusingEq. (19).

Step3 Checkeachclass’individualobjective function
2 9 	43�


and
markthemodelasnot to bere-estimatedfurtherif themax-
imumof
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hasbeenachieved.

Step4 RepeatStep2 and Step3 until all modelsare no longer
markedto bere-estimated.

3. EXPERIMENTS

WeimplementedtheMNLE trainingalgorithmfor thetaskof speaker
independentrecognitionof Japanesesyllablesin continuousspeech.
Thereare114 suchsyllablesin the Japaneselanguagewhich we
considerasseparateclasses.Eachsyllableis modeledby a left-to-
right hiddenMarkov model(HMM). Thesegmentedsyllablesare
obtainedautomaticallyfrom continuouslyspokenutterancesusing
Viterbi alignment.

A seedleft-to-right5-stateHMM wastrainedby syllable-seg-
menteddatafrom 500sentencesof theATR speechdatabaseand
utteredby six male speakers. The observation vectorsfor each
statewererepresentedby oneGaussiandistribution with full co-
variancematrix. They werefurtherrefinedby maximuma poste-
riori (MAP) estimationusingthe same500 sentencesutteredby
another30 malespeakers. After that,they wereretrainedby both
the MCE/GPDandMNLE algorithmsusingthe samedataasfor
theMAP training.

For theMNLE training,we useda background(cohort)sylla-
ble setconsistingof 15 syllables(classes)determinedusingall of
thetrainingdatain advance.

Thespeechsignalwassampledat 12kHz. The sampleddata
wereblocked into framesof 21.33ms durationwith 8 ms frame
shifts. Eachframewasthenanalyzedusing14thorderLPC anal-
ysis and10 mel-scalecepstralcoefficients werecalculatedfrom
the LPC coefficients. The featurevectorswe usedconsistedof
four successive frameswith a reduceddimensionof 20 (from the
original40)andthefirst andseconddeltacepstralcoefficientsand
energy [10].

As thetestdata,we usedsegmentedsyllablesfrom 939news-
paperarticlesentencesspokenby ninemalespeakersnot usedfor
theHMM training.

Table 1. Recognitionratesof 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 18.0 2.8
MCE 48.9 66.5 30.3 17.6 3.2

MNLE 51.3 69.2 28.5 17.9 2.3

Resultsfor theMAP (whichservedasthebaseline),MCE/GPD,
andMNLE trainingalgorithmsarepresentedin Table1 andTable
2. As theresultsshow, theMCE/GPDmethodis betterthanMAP
only for the training data. For the testdata,the MCE/GPDper-
formancedegrades,whichsuggestspoorgeneralizationonunseen
datafor this task.Ontheotherhand,theMNLE algorithmoutper-
formstheMAP andMCE/GPDmethodsfor boththetrainingand
testdata.

In Fig. 1 andFig. 2,changesareshown of thetrainingdataac-
curacy recognitionratesduringtheMCE/GPDandMNLE training
respectively. As canbeseen,theMNLE curvesgo up monotoni-
cally andaremuchsmootherthantheMCE/GPDcurves.Notethat
the MCE/GPDmethodneedsabout100 iterationsto achieve its
bestperformance.In contrary, theMNLE trainingachievesmore
than50%improvementat thefirst severaliterationsandconverges
at the17thiteration.
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Fig. 1. TrainingdatarecognitionrateduringMCE/GPDtraining.

4. CONCLUSION

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

In a task of syllable recognitionin continuousspeech,the
MNLE trainingalgorithmshoweda betterperformancethanboth
theMAP andMCE/GPDmethods,improving theresultsby 4.1%
for the training dataand by 2.4% for the test data. The results
suggestedthatMNLE hasgoodgeneralizationabilitieson unseen
data.It is muchfasterthantheMCE/GPDmethodsinceit requires
a lower numberof trainingiterationsanda lower numberof com-
petingclasses.

Futurework will focuson refinementsto this algorithm,such
asapplyingvariableand/orclassdependentlearningsteps.
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