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Abstract

Linear transformshave beenusedextensively for training and adaptationof HMM-basedASR

systems.Recentlyprocedureshave beendevelopedfor the estimationof linear transformsunderthe

MaximumMutual Information(MMI) criterion. In thispaperwe introducediscriminativetrainingpro-

ceduresthatemploy lineartransformsfor featurenormalizationandfor speaker adaptive training. We

integratethesediscriminativelineartransformsinto MMI estimationof HMM parametersfor improve-

mentof largevocabularyconversationalspeechrecognitionsystems.

Index Terms

Discriminativetraining,correlationmodeling,adaptive training.

I . INTRODUCTION

Lineartransformshavebeenusedextensively for bothtrainingandadaptationof HMM-based

ASR systems.Two importantapplicationsof linear transformsin acousticmodelingare the

decorrelationof thefeaturevectorandtheconstrainedadaptationof theacousticmodelsto the

speaker, thechannel,andthetask.

It is well known thatexplicit modelingof correlationsbetweenspectralparametersin speech

recognitionresultsin increasedclassificationaccuracy andimproveddescriptive power. How-

ever, computational,storageandrobustestimationconsiderationsmaketheuseof unconstrained,

full covariancematricesin HMM observationdistributionsimpractical.TheMaximumLikeli-

hoodLinearTransformation(MLLT) [1], [2] appliesa lineartransformto theacousticfeatures

in anattemptto capturethecorrelationbetweenthefeaturevectorcomponents.To avoid intro-

ducingmoreparametersthancanbe reliably estimated,transformationsaretied acrosssetsof

states.

Lineartransformshavealsobeenusedin MaximumLikelihood(ML) SpeakerAdaptiveTrain-

ing (SAT) [3]. Thegoalof SAT is to reduceinter-speakervariability within thetrainingset.SAT

is an iterative procedurethatgeneratesa setof speaker independentstateobservationdistribu-

tionsalongwith matchedspeaker dependenttransformsfor all thespeakersin thetrainingset.

Thetransformsusedin MLLT andSAT areestimatedundertheML criterion[4], [1], [3]. Dis-

criminative trainingundertheMaximumMutual Information(MMI) criterion [5] hasrecently

beenshown to beusefulin largevocabulary conversationalspeechrecognition(LVCSR) tasks

[6]. Its successhastriggeredaninterestin theuseof lineartransformsestimatedundertheMMI
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criterion ratherthan via ML estimation. Theseare calledDiscriminative Linear Transforms

(DLT) [7].

Oneapproachto theuseof DLTsisMaximumMutualInformationLinearRegression(MMILR)

which wasintroducedby UebelandWoodland[7], [8], who showedthat it canbeusedfor su-

pervisedspeakeradaptation.GunawardanaandByrne[9] introducedtheConditionalMaximum

LikelihoodLinear Regression(CMLLR) algorithmandshowed that CMLLR canbe usedfor

unsupervisedspeakeradaptation.

Maximumlikelihoodlineartransformshave alsobeenincorporatedwith MMI training. Mc-

Donoughet al. [10] combinedSAT with MMI by estimatingspeaker dependentlinear trans-

forms underML andsubsequentlyusingMMI for the estimationof the speaker independent

HMM Gaussianparameters.Similarly, Ljolje [11] combinedMLLT with theMMI estimation

of HMM Gaussianparameters.ThesetransformswerefoundusingML estimationtechniques

andwerethenfixedthroughoutthesubsequentiterationsof MMI modelestimation.

A commonfeatureextractionmethodfor speechrecognitionis theLinearDiscriminantAnal-

ysis (LDA) [12], wherethe transformsareestimatedby a classseparabilitycriterion. Linear

MMI Analysis(LMA) [13], on theotherhand,replacestheclassseparabilitycriterionof LDA

with aMMI criterion.As observedby Schl̈uter[13], althoughfor singledensitiesa relative im-

provementin worderrorratecouldbeobservedfor LMA in comparisonto LDA, theprominence

of LMA diminisheswith increasingparameternumbers.

We proposetrainingmethodsbasedon theMMI criterionthatestimatebothHMM acoustic

parametersand linear transforms.We obtain fully discriminative proceduresboth for feature

normalizationandspeaker adaptationin MMI HMM training. Theseproceduresarederivedby

maximizingGunawardana’sConditionalMaximumLikelihood(CML) auxiliaryfunction(equa-

tion 4, [14]). This yields the following updaterule to besatisfiedby theparameterestimation

procedures:givenaparameterestimate� , anew estimate�� is foundsoasto satisfy

������	�	
� � ��������� ������ �������� �� �! �#"%$ ���&���� ���'�� �� �( �)"&*,+�-/.1032 ��� �� �� ��� ���� �! ��#"4 �5�6
� �87)9;: � �� �5<>= ��� � �� ��� � �� �( �)"	+�-?.�032 ��� � �� �@� � �� �! ��#" 7 � �� �,ACB�D
(1)
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Here, E is theacousticobservationvectorsequenceand F is thecorrespondingwordsequence.

Thepair
� �� �����#�� �� � " denotesobservedvaluesof theserandomvariables,i.e. thetrainingdata.The

parameter7 9 : � �� �5< leadsto the well-known MMI constantas G � AIH �	
� �&J �LKNM;� 7 9 �&� �� � " . We will

show in thesubsequentsectionshow thisestimationcriterioncanbeusedfor featurenormaliza-

tion andspeakeradaptationin HMM training.

I I . DISCRIMINATIVE L IKELIHOOD L INEAR TRANSFORMS FOR ACOUSTIC

NORMALIZATION

Theuseof lineartransformsto modelcorrelationsof thefeaturevectorin acousticmodeling

hasbeendiscussedby Gales[4]. This modelingtechniqueappliesaffine transformsto the O
dimensionalobservationvector � sothata normalizedfeaturevectoris foundas P � 4RQ

, whereP is anonsingularOTSUO matrixand
Q

is a O dimensionalvector. Theemissiondensityof state�
is assumedto beGaussianandis thereforereparametrizedas

���WV � �  �#" A � PYX[Z ��\ �] �&^�_ "�` �ba � �dc�e �f Zhg!i/jbkmlon e#p k \rq#s�t �k Zhg(i?jbkdl1n e#p k \ D
Here, u/v denotesthe extendedtransformationmatrix w Q vxPyv5z associatedwith a groupof states{ v A}| � � ~ �&� " A����

for classes
��A��3��D�D�D����

;
V

is the extendedobservation vector w � � g z g ;

and � � and
a �

arethemeanandvariancefor theobservationdistribution of state
�
. The

a �
are

constrainedto bediagonalcovariancematrices.Thereparametrizationof theemissiondensity

augmentsthe usualsetof HMM parameterswith the parametersof the transform. The entire

parametersetis definedas � A � u/X[Z �W\ � � � ��a � " .
Our goalis to estimatediscriminative likelihoodlineartransformsandHMM parametersun-

der theCML criterion. Thetransformsobtainedunderthis criterionaretermedDiscriminative

LikelihoodLinear Transforms(DLLT). This estimationis performedasa two-stageiterative

procedure.We first maximizethe CML criterion with respectto the affine transformswhile

keepingtheGaussianparametersfixed.Subsequently, wecomputetheGaussianparametersus-

ing the updatedvaluesof the affine transforms.All theseestimationstepsaredoneunderthe

CML criterion.
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A. DLLT Estimation

In thefirst partof thetwo-stageestimationprocedurewe fix theHMM meansandvariances

andmaximizetheCML criterionwith respectto theaffine transforms.Thepresentationincor-

poratesGales’[4] treatmentof MLLT andGunawardana’sCMLLR derivation[9].

Theparameterupdaterelationshipof equation(1) canbesimplifiedby usingtheMarkov as-

sumptionsandnoticingthateachof thestatesis uniquelyassignedto oneof
�

disjointtransform

classes
{ v . Thereforewe canwrite .�032 ��� �V ����� � �� �! ��#" as

H � H ��� M � .10�2 ��� �V � � �  �u?v(" � � ��� � " � v � ~ ��� "5" ,
where

� � �&� � " A��
if
� � A �

,
B

otherwiseandsimilarly,
� v � ~ ��� "5" A��

if
��A�~ �&� " , B otherwise.

Wecanthenexpressequation(1) as:

w �u/v5zo��� ������(� ��� � M ��� 9� �L�  �#"%��+�� g �W�h� .�032 ��� �V � � �  �u/v!"4 ��6��� � G � = ����V  u/v("6+ � g �W�h� .1032 ����V � �  �u/v�" 7 V ACB  �A¡�3��D¢D�D£� O (2)

where w¤u/v5zo� denotesthe
 W¥§¦

row of u/v and � 9� �L�  �#" A � � �L�  �#"y$ �;¨� �'�  �)" . Here, � � �L�  �#" A� �LK ��� �@�� �������� �� �! �)" is theconditionaloccupancy probabilityof state
�

at time
�

given the training

acousticsandtranscription,and � ¨� �'�  �)" A � �WK �&� �'�� �� �  �)" is theconditionaloccupancy probability

of state
�

at time
�

givenonly thetrainingacousticdata,and G � A�H � 
� ��J �WKNM;� 7 9 �&� �� � " .
In theAppendix,we show aniterativeprocedurein which eachrow of u?v is optimizedgiven

thecurrentvalueof all theotherrows. Eachrow of thetransformis updatedby

w �u/v5zo� A ��©�ª � 4R« �'"�¬ e �� (3)

where
©

satisfiesa quadraticexpression(equationB1.8, [4]),
ª � is the extendedcofactorrow

vector w B® � � D�D�D¯ � ` z , (
 �b° A� ��± � Py�b°¢" ) and

¬²� A ��6��� � �³£´��µ � ¶· ��� � M � � 9� �L�  �#" �V � �V g� 4 G �N¸#�6¹º
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« � A ��6��� � � ��µ �³£´�6µ � ¶· ��� � M �?� 9� �L�  �#" �V g� 4 G � w ¸#� z � ¹º
where

¸)�
is definedasthematrix»¼ � wbP e �v � � � $ Q v¢"&z gP e �v � � � $ Q v!"½P e �v w a � 4 � � � $ Q v!" � � � $ Q v!" g z�P e � gv

¾¿ D
B. Gaussian Parameter Estimation

This sectiondescribesthe estimationschemefor the statedependentGaussianmeansand

variancesundertheCML criterion.With thetransformsestimatedasdescribedin SectionII-A,

we denotetheparametersetas À� A � �u/v � � � ��a � " . UsingtheMarkov assumptions,we canwrite.10�2 ��� �V ���@� � �� �( ��#" as
H � H ��� M � .�032 ��� �V � � �  ��3" � � �&� � " andsimplify equation(1) as:

��Á� ��� � M � � 9� �L�  À�#"%��+ÃÂ- .1032 ��� �V � � �  ��)" 4 G � = ����V  À��"	+ÃÂ- .�032 ���WV  ���" 7 V AÄB
(4)

wherewe define � 9� �'�  À�)" A � � �L�  À��"Å$ �;¨� �L�  À�#" . Here,theposteriors� � �L�  À�#" and �;¨� �'�  À�)" are

estimatedfor eachstateusingthenew transformestimatesandtheold Gaussianmodelparame-

ters. To simultaneouslyupdatetheGaussianmeansandvarianceswe take thederivativeof the

statedependentemissiondensitywith respectto � � and
a e �� , substitutetheresultin equation(4)

andsolve for � � and
a �

. Theentirederivationis presentedin theAppendix,wheretheestimate

for themeanis shown to be

�� � A H ��� M � � 9� �'�  À�#" �u/v �V � 4 G � � �H ��� M � � 9� �L�  À�#" 4 G � (5)

andtheestimatefor thevarianceis

�a � A H ��� M � � 9� �L�  À��" �u/v �V � �V g� �u gv 4 G �[Æ a � 4 � � � g �ÈÇH ��� M � � 9� �L�  À�#" 4 G � $ �� � �� g � D (6)

In theimplementationof theproceduresreportedhere,the G � valuesfor equations(5)and(6)are

calculatedasdescribedby WoodlandandPovey [6] (Sec.3, schemes
 

&
 � 

with É A ^
). This
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concludestheestimationprocedurefor theparametersof theDLLT model.We have presented

a two-step,iterative procedure.Thetransformsareestimatedvia equation(3) which is iterated

until the w u?vÊz�� parametersconverge.After thisMMI Gaussianparameterestimatesarefoundvia

equations(5) and(6).

C. Effective DLLT Estimation

On inspectionof the definition of ¬²� it canbe seenthat the resultingtransformwill have

dominantdiagonaltermswhen the covariancematrix
a �

in
¸#�

is diagonal. Specifically, the

diagonaltermsof
a � 4 � � � $ Q v¢" � � � $ Q v¢" g dominateslightly when

a �
is diagonal.This holds

evenfor smallvaluesof G � , andthelargevaluesof G � asusedin MMI furtherexaggeratethis

effect. In thesesituations,the resultingDLLT transformis effectively identity. We notethat

MLLT doesnot have this problemsinceit hasno G � or
¸#�

terms.We have foundit effective to

replace
a �

in
¸#�

by the estimateof its full covariance matrix asfound from the mostrecently

computedstatistics. Using the full covarianceform in
¸#�

preventsthe diagonaltermsfrom

dominatingthenew transform.Westresshoweverthatthefull covarianceis notusedelsewhere;

it is notusedin theestimationof theGaussianemissiondensities.

I I I . DISCRIMINATIVE SPEAKER ADAPTIVE TRAINING

SpeakerAdaptiveTraining(SAT) [3] hasbeenshown to beeffective in improving theperfor-

manceof speaker independentLVCSRsystems.For eachspeaker, a transformis appliedin the

estimationof thestatedependentobservationdistributionsin orderto reducethe inter-speaker

variability within thetrainingtest.

In SAT theemissiondensityof state
�

is reparametrizedfor eachspeaker
«

as

��� � � � � «  �#" A �] �&^�_ "&` �ba � �dc e �f)Ë'Ì e g jbÍ�l�ÏÎ kWÐ
q sÈt �k ËWÌ e g j¤Í�l�ÏÎ k�Ð D

Here, u ZÒÑ \v is the extendedspeaker dependenttransformationmatrix w Q ZÓÑ \v P ZÒÑ \v z ; and Ô � is the

extendedmeanvector w � � g � z g . Theaugmentedstatedependentparametersetis definedas � A� u ZÒÑ \v � � � ��a � " , for all speakers
«
.
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Our objective is to computethe speaker dependenttransformsandspeaker independentpa-

rametersof thestatedependentdistributionsundertheCML criterion.We call this Discrimina-

tive Speaker Adaptive Training (DSAT). We first maximizethe CML criterionwith respectto

thespeakerdependentaffinetransformswhile keepingthespeaker independentmeansandvari-

ancesfixed to their currentvalues.Subsequently, we computethespeaker independentmeans

andvariancesusingthe updatedvaluesof the speaker dependentaffine transforms.All these

estimationstepsaredoneundertheCML criterion.

In SAT thetrainingdataarecollectedfrom apopulationof Õ speakers.To incorporateinfor-

mationaboutthespeaker identitiesinto theCML framework, we modify theobservedrandom

processesto includea sequencethat labelseachobservationvectorby thespeaker who uttered

it:
� �� �� �!� �« ���(� � ��� " . Thetrainobjective thereforebecomesthemaximizationof

ªÖ� � �����£�� �� �!� �« ���! �#" . The

parameterupdaterelationshipof equation(1) canbemodifiedto includethespeaker identityas

follows:

���� � � 
� �  ����� �� � ���� ��� ���� �� � � �« ���  �)"%$ ����� �� � �L�� �� � � �« ���  �#" * ��+Á-/.10�2 ��� �� �� � � �« ��� � � �� �  ��#"4 � �	
� ��7 9 : � �� �5<>= ��� � �� � � �« ��� � � �� �  �#"%��+�-�.1032 ��� � �� � � �« ��� � � �� �  ��#" 7 � �� � ACBÁD
(7)

UsingtheMarkov assumptionswecanwrite .�032 ��� �� �� � � �« ��� � � �� �  ��#" asH Ñ µ v µ � H ��� M � .1032 ��� �� � � � � «  ��3" � Ñ � �« � " � � �&� � " � v � ~ �&� "Ê" , where
� Ñ � �« � " A×�

if
« A �« � , B otherwise.

Equation(7) thenbecomes:

���� � Ñ µ v ������(� �� J �Ñ K M Ñ � 9� �L�  �#"6+Á-/.10�2 ��� �� � � � � «  ��#"4 � Ñ µ v ������ � G ZÓÑ \� = ��� � � � � «  �#"6+Á-/.1032 ��� � � � � «  ��)" 7 � ACBÁD
(8)

wherewe define� 9� �'�  �)" A � � �L�  �#"�$ �;¨� �L�  �#" . Here, � � �L�  �#" A � � K �&� ���� ��� ���� �� � � �« ���  �#" is thecon-

ditionaloccupancy probabilityof state
�

at time
�

giventhetrainingacousticsandtranscription;�;¨� �L�  �#" A � �WK �&� �L�� �� �!� �« ���! �)" is the conditionaloccupancy probability of state
�

at time
�

given

only theacoustictrainingdata;and G ZÓÑ \� AØH � J �Ñ KNM Ñ H �6
� ��J � K M;� 7 9 ��� �� � " .
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A. Estimation of DSAT Transforms

With the HMM parametersfixed, the parameterupdaterelationshipof equation(8) canbe

expressedas:

�u ZÒÑ \v � ������ � �� J �Ñ K M Ñ � 9� �'�  �)"¯��+ g jbÍ�l� .�032 ��� �� � � � � «  �u ZÒÑ \v � � � ��a � "4 ��6���!� G ZÒÑ \� = ��� � � � � «  u ZÒÑ \v � � � ��a � "	+ g jbÍ�l� .�032 ��� � � � � «  �u ZÒÑ \v � � � ��a � " 7 � ACBÁD
(9)

Thegradientof logarithmof theemissiondensity
�

with respectto u ZÓÑ \v canbefoundas+ g jbÍ&l� .10�2 ��� � � � � «  �#" A �^ ��+ g jbÍ�l� : Æ � $�u ZÒÑ \v Ô � Ç g a e �� u ZÒÑ \v Ô � 4 Ô g� u ZÒÑ \v g a e �� � <ACa e �� Æ � $Ùu ZÒÑ \v Ô � Ç Ô g�
Substitutingthis into equation(9) gives��6���!� �� J �Ñ KNM Ñ � 9� �L�  �#" a e �� Æ �� � $ �u ZÒÑ \v Ô � Ç Ô g� 4 ��6���!� G ZÒÑ \� a e �� = ��� � � � � «  u ZÒÑ \v " Æ � $ �u ZÒÑ \v Ô � Ç Ô g� 7 � ACB
from which it follows thatthenew transformestimates�u ZÓÑ \v shouldsatisfy:

��6���!� a e �� ¶· �� J �Ñ K5M Ñ � 9� �'�  �)" �� � 4 G ZÒÑ \� u ZÒÑ \v Ô ��¹º Ô g� A ��6���!� ¶· �� J �Ñ K5M Ñ � 9� �L�  �#" 4 G ZÒÑ \� ¹º a e �� �u ZÓÑ \v Ô � Ô g� D
(10)

Here,thestateoccupanciesarefoundvia countsaccumulatedfor eachspeaker undertheinitial

parameters
� u ZÓÑ \v � � � ��a � " .

B. Gaussian Parameter Estimation

We now describetheestimationschemefor thestateindependentGaussianmeansandvari-

ancesunderthe CML criterion. With the transformsestimatedasin SectionIII-A, we denote

the parameterset as À� A � �u ZÒÑ \v � � � ��a � " . To simultaneouslyupdatethe Gaussianmeansand

varianceswedifferentiatethestatedependentemissiondensitywith respectto � � and
a e �� , sub-

stitutetheresultin equation(8), andsolve for � � and
a �

. Theentirederivationmaybefoundin

theAppendix,wheretheestimatefor themeanis shown to be
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�� � A ¶· � Ñ
¶· �� J �Ñ KNM Ñ � 9� �L�  À��" 4 G ZÓÑ \� ¹º �P ZÓÑ \ gv a e �� �P ZÓÑ \v ¹º e � S

� Ñ �P ZÒÑ \ gv a e �� ¶· �� J �Ñ K M Ñ � 9� �'�  À�)" Æ �� � $ Q ZÒÑ
\v Ç 4 G ZÓÑ \� �P ZÓÑ \v � ��¹º (11)

andtheestimatefor thevarianceis

�a � A H Ñ>Ú H � J �Ñ K M Ñ � 9� �L�  À�#" : �� � $ �� ZÒÑ \� < ´ 4 G ZÒÑ \� Ú a � 4 : �P ZÓÑ \v � � $ �P ZÒÑ \v �� � < ´�ÛÜÛH Ñ : H � J �Ñ K�M Ñ � 9� �'�  À�)" 4 G ZÒÑ \� < (12)

where �� ZÓÑ \� A �P ZÒÑ \v �� � 4 �Q ZÒÑ \v , arethenew speaker dependentmeans.

The stateoccupanciesare found via countsaccumulatedfor eachspeaker using the new

speaker dependenttransformestimates.The G ZÓÑ \� valuesfor equations(10), (11) and(12) are

setonaperspeakerbasis.They arecalculatedasdescribedby WoodlandandPovey [6] (Sec.3,

scheme
 � 

with É A ^
) andguaranteethatthetermto beinvertedin equation(11) is a positive-

definitematrix. This term needonly be accumulatedoncefor all speakers, thusmaking the

parallelexecutionof DSAT algorithmfeasible.This derivationdescribesa two-stage,iterative

procedure.Initially, speaker dependenttransformsareestimatedvia equation(10), afterwhich

speaker independentMMI Gaussianparametersarefoundvia equation(11)andequation(12).

IV. EXPERIMENTAL RESULTS

A. System Description

Thesystemisaspeakerindependentcontinuousmixturedensity, tiedstate,cross-word,gender-

independent,triphoneHMM system.Thebaselineacousticmodelsusedasseedmodelsfor our

experiments,were built using HTK [15] from 16.4 hoursof Switchboard-1and 0.5 hour of

CallhomeEnglishdata.This collectiondefinedthedevelopmenttrainingsetfor the2001JHU

LVCSR system[16]. Thespeechwasparameterizedinto 39-dimensionalPLP cepstralcoeffi-

cientswith deltaandaccelerationcomponents[17]. Cepstralmeanandvariancenormalization

wasperformedover eachconversationside. The acousticmodelsusedcross-word triphones
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with decisiontreeclusteredstates[15], wherequestionsaboutphoneticcontext aswell asword

boundarieswereusedfor clustering.Therewere4000uniquetriphonestateswith 6 Gaussian

componentsper state. Lattice rescoringexperimentswereperformedusing the AT&T Large

VocabularyDecoder[18], with a33k-word trigramlanguagemodelprovidedby SRI [19].

Therecognitiontestswerecarriedoutonasubsetof the2000Hub-5Switchboard-1evaluation

set(SWBD1) [20] andthe1998Hub-5Switchboard-2evaluationset(SWBD2) [21]. TheSWBD1

testsetwascomposedof 866utterancesconsistingof 10260wordsfrom 22 conversationsides,

andthe SWBD2 testsetwascomposedof 913 utterancesconsistingof 10643wordsfrom 20

conversationsides.Thetotal testsetwas2 hoursof speech.

To definethe numberof transformsand assignthe Gaussiansin the model set to clusters

we employed a variationof the HTK regressionclasstreeimplementation[15]. All statesof

everycontext-dependentphoneassociatedwith thesamemonophonewereassignedto thesame

initial class.TheHTK splittingalgorithmwasthenappliedto eachof theinitial classeswith the

additionalconstraintthatall the mixturecomponentsassociatedwith the samestatebelongto

thesameregressionclass.

Discriminativetrainingrequiresalternatewordsequencesthatarerepresentativeof therecog-

nition errorsmadeby the decoder. Theseareobtainedvia triphonelatticesgeneratedon the

training data. Our approachis basedon the MMI training proceduredevelopedby Woodland

andPovey [6]. However, ratherthanaccumulatingstatisticsvia theForward-Backwardproce-

dureat the word level, we usethe Viterbi procedureover triphonesegments.Thesetriphone

segmentsarefixedthroughoutMMI training.

B. DLLT Results

Weconductedaseriesof experimentsto compareDLLT to MLLT. ThroughouttheMLLT ex-

periments[4], weperformoneupdateof thetransformsfollowedby oneupdateof theGaussians

usingstatistics,obtainedfrom theViterbi alignment.Thesealignmentswereobtainedfrom the

ML baselineandwerekept fixed throughoutthe MLLT experiments.Similarly, during DLLT

iterations,weperformoneupdateof thetransformsfollowedby oneupdateof theGaussians,as

describedin SectionII-A. ThetriphoneposteriorprobabilitiesusedduringMMI basedtraining

werecalculatedfrom theML baselineandwerekeptfixedthroughouttheDLLT updates.
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#classes 0 1 2 3 4 5 6 7 8

SWBD1 41.1 39.4 39.2 39.2 39.0 38.9 38.8 38.7Ý 38.8
MLLT

SWBD2 51.1 50.0 50.3 50.4 50.3 50.2 50.2 50.2Ý 50.1
48

SWBD1 Ý 37.6 37.4
DLLT

SWBD2 Ý 49.5 48.8

SWBD1 41.1 38.9 38.7 38.7 38.2 37.9 37.8Ý 38.0 37.9
MLLT

SWBD2 51.1 49.8 49.8 49.6 49.5 49.5 49.3Ý 49.1 49.1
223

SWBD1 Ý 37.0 37.0
DLLT

SWBD2 Ý 48.6 48.6

SWBD1 41.1 38.4 38.2 38.2 37.7 37.9 37.8Ý 37.9 37.8
MLLT

SWBD2 51.1 49.6 49.5 49.3 49.2 49.0 49.0Ý 49.0 49.1
467

SWBD1 Ý 37.1 36.9
DLLT

SWBD2 Ý 48.4 48.8

TABLE I

WORD ERROR RATE (%) OF SYSTEMS TRAINED WITH MLLT AND DLLT AND TESTED ON THE SWBD1 AND SWBD2

TEST SETS FOR DIFFERENT NUMBER OF CLASSES. DLLT SYSTEMS ARE SEEDED FROM WELL TRAINED MLLT SYSTEMS,

INDICATED BY ASTERISKS

Our first experimentkepttheparametersof theHMM observationdistributionsfixedat their

ML values.Throughouttheseexperimentsweusedafixedsetof 467transformclassesgenerated

by the above describedclusteringalgorithm. The SWBD1 ML baselineWord Error Rateis

41.1%. The first andseconditerationof MLLT yield Word Error Rateof 39.1%and39.4%,

showing overtrainingat theseconditeration.DLLT yieldsWordErrorRateof 38.5%and38.3%

at thefirst andseconditeration.Similarperformancewasfoundon SWBD2. Theseexperiments

show thatdiscriminativeestimationof lineartransformsimprovesoverML estimationfor feature

normalization.

Our next objective was to seethe improvementsobtainedby varying the numberof trans-

formation classes.For this purpose,we trainedthreeMLLT systemswith 48, 223 and 467

transformationclasses,all initialized from the ML baseline.The 48 classMLLT systemhas

transformstied to eachstateof everycontext-dependentphoneassociatedwith thesamemono-
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MLLT DLLT DLLT

SWBD1 SWBD2 SWBD1 SWBD2 SWBD1 SWBD2

0 41.1 51.1 Þ Þ Ý Ý
1Þ 38.4 49.6 38.2 49.2 37.1 48.4

2 38.2 49.5 37.3 48.9 36.9 48.8

3 38.2 49.3 37.8 48.8 - -

4 37.7 49.2

5 37.9 49.0

6 Ý 37.8 49.0

7 37.9 49.0

8 37.8 49.1

TABLE II

WORD ERROR RATE (%) OF SYSTEMS TRAINED WITH DLLT AND TESTED ON THE SWBD1 AND SWBD2 TEST SETS FOR

TWO DIFFERENT INITIAL IZATION POINTS.

phone.For the223and467classMLLT systemswe allow a maximumof 6 and10divisionsof

the original classes,respectively. Resultsarereportedin TableI. In theseMLLT experiments

weobservesignificantperformancegainsin usingthelargernumberof transformationclasses.

We thenperformedDLLT, for thesesamethreecollectionsof transformationclasses.In each

case,theDLLT systemis seededfrom a well-trainedMLLT system(indicatedby Ý ). We note

thatin all casestheDLLT systemsoutperformtheMLLT systems.Bestperformanceis obtained

with the larger numberof transformationclasses,althoughthe advantagesarenot asgreatas

with MLLT. This suggeststhat DLLT canbe effective with fewer transformsthanMLLT. For

subsequentexperimentsweusethe467transformationclassset.

To validateour approachwe calculatedthevalueof .�032,ß � F � E  �#" asa functionof theiter-

ationnumberfor the467classDLLT system.In iteration0 (theMLLT baseline)is $ ^ Do�@à É B)à ,
in DLLT iteration1 is $ ��DÒá3B É B)à andin DLLT iteration2 is $ �3DÒà�â É B)à . Theseresultsconfirm

thattheMMI objective functionis increasingundertheestimationprocedurefor DLLT.

In thenext setof experimentswe exploredthesensitivity of DLLT to differentinitialization

points.Theseexperimentsareshown in TableII . TheDLLT systemis seededafter1 iterationof
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MLLT+MMIE DLLT+MMIE

SWBD1 SWBD2 SWBD1 SWBD2

0 Ý Ý Ý Ý
1 37.6 48.7 36.7 48.6

2 37.0 48.4 36.8 48.9

3 36.9 48.7 - -

TABLE III

WORD ERROR RATE (%) OF SYSTEMS TRAINED WITH MLLT+MMIE AND DLLT+MMIE IS SEEDED FROM MODELS

FOUND AFTER 6 MLLT ITERATIONS.

MLLT experiments(indicatedby Þ ). After two iterations,DLLT performanceis (37.3%/48.9%).

For conveniencewe repeatthe467classMLLT experimentsof TableI. We alsorepeatthe467

classDLLT experimentsof TableI in whichestimationwasinitializedafter6 iterationsof MLLT

experiments.After two iterations,DLLT performanceis (36.9%/48.8%).We find thatthelatter

is superiorto performingDLLT afteronly 1 iterationof MLLT. This shows the importanceof

a properinitialization of theDLLT procedure.We alsoobserve, thatDLLT convergesin fewer

iterationsthanMLLT. After two iterations,DLLT yieldsbetterperformance(37.3%/48.9%)than

six iterationsof MLLT (37.8%/49.0%).Moreover, DLLT consistentlyoutperformsMLLT.

We next studythe applicationof MMIE estimationof the Gaussianmeansandvariancesin

a systemwith fixedtransformsestimatedvia MLLT. We call this techniqueMLLT+MMIE fol-

lowing Ljolje [11], in TableIII. We comparethis to a similar approachin which thetransforms

areestimatedvia 1 iterationof DLLT andarethenfixedprior to furtherMMIE Gaussianitera-

tions. We call this techniqueDLLT+MMIE in TableIII. Both procedureswereinitialized with

thewell trainedMLLT systemof TableII foundat iteration6. Thesimilar performancefound

in thesescenariosis notsurprising,in thatenoughin domaindatais availableto allow discrimi-

nativeestimationof theunconstrainedobservationdistributions.In thiscase,thediscriminative

estimationof the unconstrainedGaussianparametersclearlydominatesthe initial calculations

of theunderlyingtransforms.
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C. DSAT Results

We conducteda seriesof experimentsto compareDSAT to ML-SAT estimation.In speaker

adaptive training thecharacteristicsof a speaker areestimatedfrom thetestdataitself andnot

from sometranscribedenrollmentdata.Althoughwecanestimatea largenumberof transforms

for any of thetrainingspeakerssincein trainingwe have thecorrecttranscriptionandadequate

amountof data,this is not the casefor testspeakers(unsupervisedadaptationwith few data).

Thereforethenumberof transformsthatcanbereliably estimatedis limited. Throughoutthese

experimentsweusedafixedsetof 2 regressionclassescorrespondingto speechandnon-speech

states.As thenumberof transformsincreasestheWER increases,sincetheamountof testdata

is smallenoughthatmorethan2 transformationmatricescannotbereliablyestimated.

TableIV shows theperformanceof theML-SAT andDSAT estimationprocedures.ML-SAT

wasperformedwith a MMIE trainedmodelindicatedat iteration0. In this implementationof

ML-SAT, the transformationparametersandthe Gaussianmeanandvarianceparameters,are

estimatedat eachiterationvia Baum-Welshprocedure,over the transcribedtraining data. In

theDSAT experimentsonly themeanandthetransformationparametersarereestimatedunder

theCML criterion. Thevarianceis not updatedbetweeniterations;we keepthevariancevalue

estimatedat ML-SAT iteration 5. Furthermorethe lattice link posteriorsusedin DSAT are

thoseobtainedusingthe ML baselinemodel(41.1%/51.1%).Our goal is to show that DSAT

canimproveover ML-SAT throughimprovedestimationof thespeaker dependentmodels.We

expectthatfurthergainscouldbeobtainedby optimizingvariancesaswell.

We performedmultiple iterationsof ML-SAT on thetrainingset.DSAT wasinitialized by a

well-trainedML-SAT systemfoundat iteration5. A comparisonbetweenDSAT, asdescribed

in SectionIII, andML-SAT is presentedin thecolumnsDSAT-2 andML-SAT of TableIV. The

DSAT-2 meanandtransformationparameterswerereestimatedateachiterationundertheCML

criterion. ThebestDSAT-2 resultwasobtainedafter5 iterations(33.4%/44.2%).For compar-

isonwe presentresultswith further iterationsof ML-SAT (34.1%/44.9%).Theseresultsshow

that discriminative estimationimprovesover ML estimationof speaker dependenttransforms

andspeaker independentmeanparameters.Sincewe startfrom a well trainedMMIE system,

thegainsobtainedfrom DSAT-2 aredueto thefactthatweincorporatespeakeradaptivetraining

into MMIE parameterestimation.
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ML-SAT DSAT-1 DSAT-2 MMI-SAT

SWBD1 SWBD2 SWBD1 SWBD2 SWBD1 SWBD2 SWBD1 SWBD2

0 35.9 47.0 35.9 47.0 Ý Ý Ý Ý
1 35.4 46.2 36.1 46.5 34.1 44.7 34.1 44.8

2 35.2 45.6 36.5 46.5 33.8 44.6 33.8 44.6

3 34.8 45.1 36.5 46.7 33.6 44.5 33.7 44.4

4 34.7 45.2 - - 33.5 44.4 33.5 44.4

5 Ý 34.5 44.8 - - 33.4 44.2 33.6 44.6

6 34.6 45.0

7 34.3 45.0

8 34.3 44.7

TABLE IV

WORD ERROR RATE (%) OF SYSTEMS TRAINED WITH ML-SAT, MMI-SAT AND DSAT ESTIMATION AND EVALUATED

ON SWBD1 AND SWBD2 TEST SETS. THE ML-SAT AND DSAT-1 MODELS WERE INITIAL IZED BY MMI TRAINED

MODELS. THE MMI-SAT AND DSAT-2 MODELS WERE SEEDED FROM MODELS FOUND AFTER 5 ML-SAT ITERATIONS.

RESULTS INCLUDE UNSUPERVISED MLLR SPEAKER ADAPTATION.

While DSAT-2 wasfoundsuperiorto ML-SAT, performingML-SAT subsequentto MMI is

neededfor thebestinitialization of DSAT. In theDSAT-1 columnof TableIV theperformance

of DSAT initializedwith MMIE is presentedfor a fair comparisonwith ML-SAT. Experimental

resultssuggestthatDSAT shouldbeappliedfollowing severaliterationsof ML-SAT.

Finally, we compareDSAT with MMI-SAT. Thepreviously developedMMI-SAT procedure

[22] proceedsby fixing the ML-SAT transformsprior to subsequentiterationsof MMIE esti-

mation.A comparisonbetweenDSAT andMMI-SAT is presentedin thecolumnsDSAT-2 and

MMI-SAT of TableIV. Theexperimentalresultsshow significantimprovementover ML-SAT.

Also DSAT givesslightly betterresultsafter5 iterations,anabsolutedifferenceof 0.2%/0.4%,

which is attributedto thediscriminativecalculationof thetransformationmatrices.
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V. CONCLUSIONS

This paperdescribesthe integrationof Discriminative LinearTransformsinto MMI estima-

tion for LargeVocabulary SpeechRecognition.We have developedestimationproceduresthat

find DLTs jointly with MMI for bothspeaker adaptive trainingandfeaturenormalization.We

presentCML reestimationformulaefor eachof thesetrainingscenariosanddiscussmodeling

approximationsneededfor theireffective implementation.

Wehavefoundthatdiscriminativeversionsof speakeradaptivetrainingandfeaturenormaliza-

tion outperformML training.Thesenew trainingprocedureswereevaluatedontheSwitchboard

corpuswhereeachgivesapproximately0.8%absoluteWord Error Rateimprovementover the

ML estimationprocedures.Giventhat thesetwo modelingapproachesareintendedto capture

distinctacousticphenomena,thereis thepromisethatDSAT andDLLT mayyield complemen-

tary improvementsin performancewhenusedtogether.

APPENDIX A

DISCRIMINATIVE L IKELIHOOD L INEAR TRANSFORMS

A. DLLT Estimation

Thereestimationformulafor thetransformsarederivedfrom theupdaterelationshipof equa-

tion (2). This derivation involvesthe differentiationof the reparametrizedemissiondensity
�

with respectto w u/v5zo� andthecalculationof theintegral. After thesesteps,weareableto express

(2) in suchform whereaniterativesolutionis available.

With the HMM meansandvariancesfixed, the logarithmof the reparametrizedconditional

density.�032 ����V � �  �)" is givenby (ignoringall termsindependentof u/v ):
.1032 ����V � �  �)" A .�032 � � PYv � "%$ �^ `� � M � Æ w u?vÊz��Lã �6µ �&w u gv zo��$ ^ w u?vÊz�� � g�6µ � Ç

where
~ �&� " AC�

and

ã ��µ � A �³ ´�6µ � V#V g
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18� ��µ � A � ��µ �³ ´�6µ � V g� ��µ � and ³ ��µ � arethe
 
th elementsof themeanandvariancevector, for state

�
.

Thegradientof .1032 ����V � �  �)" with respectto theparametercomponentw¤u/vNzo� is givenby

+8� g � �h� .1032 ����V � �  �)" A ª �ª ��w¤u gv zo� $äw¤u/v5zo�Lã �6µ � 4 � �6µ �
where

ª � is theextendedcofactorrow vector w BÜ � � D�D¢D[ � ` z , (
 �b° AC ��± � Py�b°¢" ).

Substitutingtheaboveexpressionfor thegradientinto equation(2) yields

��6���!� ��� � M � � 9� �L�  �#" Ú ª �ª �6w �u gv zo� $Äw �u?vÊz�� �ã ��µ � 4 �� ��µ � Û4 ��6���!� G � = ����V  u/v(" Ú ª �ª �6w �u gv z�� $Äw �u?vÊz��mã ��µ � 4 � ��µ � Û 7 V A�B�D
(13)

Thecalculationof theintegral in equation(13)proceedsas:

= ����V  u/v(" Ú ª �ª �6w �u gv z�� $Äw¢�u?vÊz��mã ��µ � 4 � ��µ � Û 7 V Aª �ª ��w �u gv zo� $ �³ ´�6µ � w �u/v5zo� = ���WV  u?v�" V#V g 7 V 4 � ��µ �³ ´�6µ � = ���WV  u?v�" V g 7 V A ª �ª ��w �u gv zo� $ �³£´�6µ � w �u/vNzo� ¸#� 4 � �6µ �³�´��µ � w ¸#� z �
where

¸)�
is definedasthematrix»¼ � wbP e �v � � � $ Q v¢"&z gP e �v � � � $ Q v!"½P e �v w a � 4 � � � $ Q v!" � � � $ Q v!" g z�P e � gv

¾¿ D
(14)

Equation(13)canthenbewrittenas

��6���!� ��� � M � � 9� �L�  �#" Ú ª �ª �6w �u gv zo� $Äw¢�u?vÊz�� �ã ��µ � 4 �� �6µ � Û 4 ������(� G � Ú ª �ª ��w �u gv zo� $ �³ �6µ � w¢�u/v5zo� ¸#� 4 � �6µ �³�´��µ � w ¸#� z � Û A�B
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Rearrangingyields

å ª �ª �6w¢�u gv z�� A w �u/vNz��d¬æ��$ « � (15)

where

¬²� A ��6���!� �³ ´��µ � ¶· ��� � M � � 9� �L�  �#" �V � �V g� 4 G �N¸#� ¹º
« � A ��6���!� � ��µ �³£´�6µ � ¶· ��� � M � � 9� �L�  �#" �V g� 4 G � w ¸#� z � ¹º

å A ��6��� � ¶· ��� � M �/� 9� �'�  �)" 4 G �	¹º
An iterative solutionto theoptimizationof equation(15) is describedby Gales[4], whereeach

row of u?v is optimizedgiventhecurrentvalueof all theotherrows. It canbeshown thatthe
  ¥§¦

row of thetransformationmatrix is foundby

w �u/v5zo� A ��©�ª � 4R« �'"�¬ e ��
where

©
satisfiesaquadraticexpression(equationB1.8,[4]).

B. Gaussian Parameter Estimation

ThestatedependentGaussianmeanandvarianceparametersareestimatedundertheCML cri-

terionwith theuseof thesimplifiedparameterupdaterelationshipof equation(4). Thederivation

of theupdateformulasinvolvesthegradientof thereparametrizedemissiondensitywith respect

to � � and
a e �� andthecalculationof theintegral.After thesesteps,wesolvefor � � and

a �
. With

thetransformsestimatedasdescribed,wedenotetheentireparametersetas À� A � �u/v � � � ��a � " .
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1) Mean estimation: Thegradientof .10�2 ���WV � �  À�)" with respectto theparametercomponent� � is givenby

+ p k .1032 ����V � �  À��" A + p k Ú $ �^ Æ �u?v V $Ï� � Ç g a e �� Æ �u?v V $Ù� � Ç ÛA�a e �� Æ �u?v V $Ù� � Ç
Substitutinginto equation(4) andrearranginggives��� � M ��� 9� �'�  À��" : �u?v �V � $ �� � < 4 G � Ú = ����V  À�3" �u/v V 7 V $ = ���WV  À�)" �� � 7 V Û A�B
Calculatingtheintegralyields��� � M �/� 9� �L�  À��" : �u/v �V � $ �� � < 4 G � � � � $ �� � " A�B
Finally theupdateequationfor � � is givenby

�� � A H ��� M � � 9� �'�  À�#"��u/v �V � 4 G � � �H ��� M � � 9� �L�  À�#" 4 G � (16)

2) Variance estimation: Thegradientof .�032 ���WV � �  À��" with respectto
a e �� is givenby

+ s�t �k .�032 ���WV � �  À�3" A + s�t �k : .�032 �ba � � $ Æ �u/v V $ç� � Ç a e �� Æ �u?v V $Ù� � Ç g <AØa � $ Æ �u?v V $Ï� � Ç Æ �u?v V $Ù� � Ç g
Substitutinginto equation(4) gives

��� � M �/� 9� �'�  À�)" Ú �a � $ : �u?v �V � $ �� � < : �u?v �V � $ �� � < g Û4 G � = ����V � �  À��" : �a � $ Æ �u/v V $ �� � Ç Æ �u/v V $ �� � Ç g < 7 V A�B�D
(17)
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Calculatingtheintegral in thepreviousequationgives

�a � $ = ����V � �  À�)" Æ �u/v V $ �� � Ç Æ �u/v V $ �� � Ç g 7 V A�a � $ �� � �� g � $ = ���WV � �  À�3" Æ �u?v V�V g �u gv $ �u/v V �� g � $ �� � V g �u gv Ç 7 V A�a � $ a � $Ï� � � g � 4 � � �� g � 4 �� � � g � $ �� � �� g �
Substitutingtheintegral into equation(17)yields��� � M �/� 9� �'�  À�)" Ú �a � $ : �u?v �V � $ �� � < : �u?v �V � $ �� � < g Û4 G � Æ �a � $ a � $Ï� � � g � 4 � � �� g � 4 �� � � g � $ �� � �� g � Ç AÄB
Usingthefact that �� � is givenby equation(16) we canobtainthereestimationformulafor the

new estimateof
a �

as

�a � A H ��� M � � 9� �'�  À�)" �u/v �V � �V g� �u gv 4 G � Æ a � 4 � � � g � ÇH ��� M � � 9� �L�  À�#" 4 G � $ �� � �� g �
APPENDIX B

DISCRIMINATIVE SPEAKER ADAPTIVE TRAINING

A. Gaussian Parameter Estimation

ThestateindependentGaussianmeanandvarianceparametersfor DSAT areestimatedunder

theCML criterionwith theuseof theparameterupdaterelationshipof equation(8). Thederiva-

tion of the updateformulasinvolvesthe gradientof the reparametrizedemissiondensitywith

respectto � � and
a e �� andthecalculationof theintegral. After thesesteps,we solve for � � anda �

. Theparametersetis À� A � �u ZÓÑ \v � � � ��a � " .
1) Mean estimation: Fromequation(8), theGaussianmeansarefoundas:

�� � � � Ñ �� J �Ñ K M Ñ � 9� �'�  À�)"%��+ p k .1032 ��� �� � � � � «  �u ZÒÑ
\v � �� � ��a � "4 � Ñ G ZÓÑ \� = ��� � � � � «  �u ZÓÑ \v � � � ��a � "%��+ p k .1032 ��� � � � � «  �u ZÒÑ \v � �� � ��a � " 7 � A�B�D

(18)
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In a similar fashionby taking the derivative with respectto the speaker independentmeanwe

have:

+ p k .�032 ��� � � � � «  �u ZÒÑ \v � � � ��a � " A �P ZÒÑ \ gv a e �� Æ � $è�Q ZÒÑ \v $ �P ZÓÑ \v � � Ç
Substitutingtheaboveexpressionfor thegradientinto theupdateruleof equation(18)gives

� Ñ �� J �Ñ K M Ñ � 9� �L�  À�#" �P ZÓÑ
\ gv a e �� Æ �� � $ �� ZÓÑ \� Ç 4 � Ñ G ZÒÑ \� = ��� � � � � «  � � " �P ZÒÑ \ gv a e �� Æ � $ �� ZÓÑ \� Ç 7 � A�B

where �� ZÓÑ \� A �P ZÒÑ \v �� � 4 �Q ZÒÑ \v , is definedas the new speaker dependentmean. Calculatingthe

integralyields

� Ñ �� J �Ñ KNM Ñ � 9� �L�  À�#" �P ZÓÑ
\ gv a e �� Æ �� � $ �� ZÓÑ \�RÇ 4 � Ñ G ZÒÑ \� �P ZÒÑ \ gv a e �� �P ZÓÑ \v � � � $ �� � " 7 � A�B

Finally, giventhe new estimateof the speaker dependenttransform �u ZÓÑ \v , speaker independent

meansarethenreestimatedas

�� � A ¶· � Ñ
¶· �� J �Ñ KNM Ñ � 9� �L�  À��" 4 G ZÓÑ \� ¹º �P ZÓÑ \ gv a e �� �P ZÓÑ \v ¹º e � S

� Ñ �P ZÒÑ \ gv a e �� ¶· �� J �Ñ K M Ñ � 9� �L�  À�#" Æ �� � $è�Q ZÒÑ \v Ç 4 G ZÓÑ \� �P ZÓÑ \v � ��¹º D
2) Variance estimation: Fromequation(8), theGaussianvarianceis foundas:

�a e �� � � Ñ �� J �Ñ KNM Ñ � 9� �L�  À��"%��+ s t �k .�032 ��� �� � � �  �u ZÒÑ \v � �� � � �a � "4 � Ñ G ZÓÑ \� = ��� � � �  �u ZÓÑ \v � � � ��a � "6+ s�t �k .�032 ��� � � �  �u ZÓÑ \v � �� � � �a � " 7 � A�B�D
(19)

In asimilar fashionby takingthederivativewith respectto thespeaker independentvariancewe

have:
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+ s�t �k .�032 ��� � � �  �u ZÒÑ \v � �� � ��a � " A�a � $ Æ � $ �� ZÓÑ \� Ç Æ � $ �� ZÒÑ \� Ç g
where �� ZÓÑ \� A �P ZÓÑ \v �� � 4 �Q ZÓÑ \v , definedas the speaker dependentmean. Substitutingthe above

expressionfor thegradientinto theupdateruleof equation(19)gives

� Ñ �� J �Ñ KNM Ñ � 9� �L�  À�#" : �a � $ Æ �� � $ �� ZÒÑ \� Ç Æ �� � $ �� ZÓÑ \� Ç g <
4 � Ñ G ZÒÑ \� = ��� � � �  � � " : �a � $ Æ � $ �� ZÓÑ \� Ç Æ � $ �� ZÒÑ \� Ç g < 7 � ACBÁD

Rearrangingthepreviousequationandcalculatingtheintegralyields

� Ñ
¶· �� J �Ñ K5M Ñ � 9� �'�  À��" 4 G ZÒÑ \� ¹º �a � A

� Ñ
¶· �� J �Ñ K M Ñ � 9� �L�  À��" Æ �� � $ �� ZÓÑ \� Ç Æ �� � $ �� ZÒÑ \� Ç g ¹º

4 G ZÓÑ \� : a � $ �� ZÓÑ \� Æ �P ZÒÑ \v � � 4 �Q ZÓÑ \v Ç g $ �� ZÓÑ \ g� Æ �P ZÒÑ \v � � 4 �Q ZÒÑ \v Ç <4 G ZÓÑ \� : �� ZÒÑ \� �� ZÒÑ \ g� 4 Æ �P ZÓÑ \v � � 4 �Q ZÓÑ \v Ç g Æ �P ZÒÑ \v � � 4 �Q ZÒÑ \v Ç <
Finally, giventhenew estimateof thespeaker dependenttransform �u ZÒÑ \v , andthenew estimate

of thespeaker independentmean �� � , thespeaker independentvariancesarethenreestimatedas

�a � A H Ñ>Ú H � J �Ñ KNM Ñ � 9� �L�  À�#" : �� � $ �� ZÒÑ \� < ´ Û 4 G ZÒÑ \� Ú a � 4 : �P ZÓÑ \v � � $ �P ZÒÑ \v �� � < ´ ÛH Ñ : H � J �Ñ K M Ñ � 9� �L�  À�#" 4 G ZÒÑ \� < D
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