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Abstract

Linear transformshave beenusedextensvely for training and adaptationof HMM-basedASR
systems.Recentlyproceduredave beendevelopedfor the estimationof linear transformsunderthe
MaximumMutual Information(MMI) criterion. In this papermwe introducediscriminatve trainingpro-
cedureghatemploy lineartransformsfor featurenormalizationandfor spealer adaptve training. We
integratethesediscriminatve lineartransformsnto MMI estimationof HMM parameter$or improve-
mentof largevocahulary cornversationabpeechrecognitionsystems.

Index Terms

Discriminative training, correlationmodeling,adaptve training.

. INTRODUCTION

Lineartransformshave beenusedextensvely for bothtrainingandadaptatiorof HMM-based
ASR systems. Two importantapplicationsof linear transformsin acousticmodelingare the
decorrelatiorof the featurevectorandthe constrainechdaptatiorof the acoustiomodelsto the
spealer, thechannelandthetask.

It is well known thatexplicit modelingof correlationsetweerspectraparameterfn speech
recognitionresultsin increasedlassificationaccurag andimproved descriptve power. How-
ever, computationalstorageandrobustestimatiorconsiderationmake theuseof unconstrained,
full covariancematricesin HMM obsenrationdistributionsimpractical. The Maximum Likeli-
hoodLinear Transformation(MLLT) [1], [2] appliesa lineartransformto the acoustidfeatures
in anattemptto capturethe correlationbetweerthe featurevectorcomponentsTo avoid intro-
ducingmore parametershancanbe reliably estimatediransformationsretied acrosssetsof
states.

Lineartransformsave alsobeenusedn MaximumLikelihood(ML) SpeakrAdaptive Train-
ing (SAT) [3]. Thegoalof SAT is to reducanter-spealer variability within thetrainingset. SAT
is aniterative procedurahatgenerates setof spealr independenstateobsenation distribu-
tionsalongwith matchedspealer dependentransformdor all the spealersin thetrainingset.

Thetransformausedn MLLT andSAT areestimatedindertheML criterion[4], [1], [3]. Dis-
criminative training underthe Maximum Mutual Information(MMI) criterion[5] hasrecently
beenshawn to be usefulin large vocalulary cornversationakpeectrecognition(LVCSR) tasks

[6]. Its succesastriggeredaninterestin theuseof lineartransformsestimatedinderthe MMI

April 16,2003 DRAFT



3

criterion ratherthanvia ML estimation. Theseare called Discriminatve Linear Transforms
(DLT) [7].

Oneapproachio theuseof DLTsis MaximumMutualInformationLinearRegression(MMILR)
which wasintroducedby UebelandWoodland[7], [8], who shavedthatit canbe usedfor su-
pervisedspealkradaptationGunavardanaandByrne[9] introducedhe ConditionalMaximum
LikelihoodLinear Regression(CMLLR) algorithmand shoved that CMLLR canbe usedfor
unsupervisegpealer adaptation.

Maximumlik elihoodlineartransformshave alsobeenincorporatedvith MMI training. Mc-
Donoughet al. [10] combinedSAT with MMI by estimatingspealer dependentinear trans-
forms underML andsubsequentlyising MMI for the estimationof the spealer independent
HMM GaussiarparametersSimilarly, Ljolje [11] combinedMLLT with the MMI estimation
of HMM GaussiarparametersThesetransformswverefoundusingML estimationtechniques
andwerethenfixedthroughouthe subsequenterationsof MMI modelestimation.

A commonfeatureextractionmethodfor speectrecognitionis the LinearDiscriminantAnal-
ysis (LDA) [12], wherethe transformsare estimatedoy a classseparabilitycriterion. Linear
MMI Analysis(LMA) [13], onthe otherhand,replaceshe classseparabilitycriterion of LDA
with aMMI criterion. As obseredby Schliter[13], althoughfor singledensitiesarelative im-
provementin worderrorratecouldbeobsenedfor LMA in comparisorio LDA, theprominence
of LMA diminisheswith increasingparametenumbers.

We proposetraining methodsbasedon the MMI criterionthat estimatebothHMM acoustic
parametersnd linear transforms. We obtain fully discriminatve proceduredoth for feature
normalizationandspealer adaptatiorin MMI HMM training. Theseproceduresirederived by
maximizingGunavardanas ConditionalMaximumLik elihood(CML) auxiliaryfunction(equa-
tion 4, [14]). Thisyieldsthe following updaterule to be satisfiedby the parameteestimation

proceduresgivena parameteestimated, anew estimated is foundsoasto satisfy

53 [atstaf, of; ) — a(sl1k; 6)] Valoga(dlst; §)

)
$1

+) d (Sll) /q(olilsli; 8)Vglog q(ol|sk; 8) do} =0. (1)
o
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Here,O is theacoustiobsenationvectorsequencandW is thecorrespondingvord sequence.
Thepair (&%, 6} ) denotembsenredvaluesof theserandomvariablesj.e. thetrainingdata. The
parameter <si> leadsto the well-knovn MMI constantas D, = ng:srzs d'(st). We will
shaw in thesubsequergectionshow this estimatiorcriterioncanbe usedfor featurenormaliza-

tion andspealer adaptationn HMM training.

[I. DISCRIMINATIVE LIKELIHOOD LINEAR TRANSFORMS FOR ACOUSTIC

NORMALIZATION

Theuseof lineartransformgo modelcorrelationsof thefeaturevectorin acousticnodeling
hasbeendiscussedy Gales[4]. This modelingtechniqueappliesaffine transformsto the m
dimensionabbsenrationvectoro sothata normalizedfeaturevectoris foundas Ao + b, where
A isanonsingularn x m matrixandb is am dimensionalector Theemissiondensityof state

s isassumedo be Gaussiarandis thereforereparametrizeds

q(Cls; ) = Me’ L (Tr(s)C—1s)T 85 H (TR (5)¢—1s)
(2m)™|Z|

Here, T, denoteghe extendedtransformatiormatrix [b, A,| associatedvith a groupof states
S, = {s|R(s) = r} for classes = 1,...,R; ( is the extendedobsenation vector|1 oT]T;
andu, andX; arethe meanandvariancefor the obsenationdistribution of states. The X, are
constrainedo be diagonalcovariancematrices.The reparametrizationf the emissiondensity
augmentghe usualsetof HMM parametersvith the parameter®f the transform. The entire
parametesetis definedast = (Tr(s), its; Zs)-

Our goalis to estimatediscriminatie likelihoodlineartransformsandHMM parametersin-
derthe CML criterion. The transformsobtainedunderthis criterionaretermedDiscriminative
Likelihood Linear Transforms(DLLT). This estimationis performedas a two-stageiterative
procedure.We first maximizethe CML criterion with respectto the affine transformswhile
keepingthe Gaussiarparameterfixed. Subsequent|ywe computethe Gaussiarparametersis-
ing the updatedvaluesof the affine transforms.All theseestimationstepsaredoneunderthe

CML criterion.
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A. DLLT Estimation

In thefirst partof the two-stageestimationprocedurewe fix the HMM meansandvariances
andmaximizethe CML criterionwith respecto the affine transforms.The presentatiorncor-
poratesGales’[4] treatmenbf MLLT andGunavardanas CMLLR derivation[9].

The parameteupdaterelationshipof equation(1) canbe simplified by usingthe Markov as-
sumptionsandnoticingthateachof thestatess uniquelyassignedo oneof R disjointtransform
classesS,. Thereforewe canwrite log q(Cl|sl; @) as 3™, S log q(C.|s; T)1s(s,) 1, (R(s)),
wherel,(s,;) = 1if s, = s, 0 otherwiseandsimilarly, 1,(R(s)) = 1if » = R(s), 0 otherwise.

We canthenexpressequation(1) as:

i
[Ti: YD %(756) - Vigy loga(Gls; Th)

seS, 7=1

+ 30D, [ (6T Vim Jogalclsi T =0 i=1,..m (@

SESy

where[T,]; denotesthe i** row of T, and~.(;0) = ~,(7;0) — v4(r;6). Here,,(r;0) =
qs, (s|0?, 6{; 6) is the conditionaloccupang probability of states attime 7 giventhetraining
acousticandtranscriptionandy?(r: 6) = ¢, (s|6!; 6) is the conditionaloccupany probability
of states attime r givenonly thetrainingacoustiadata,and D, = ZSQ;ST:S d'(sh).

In the Appendix,we shav aniterative proceduren which eachrow of T, is optimizedgiven

the currentvalueof all the otherrows. Eachrow of thetransformis updatedoy
[T,); = (api + ki) G (3)

wherea satisfiesa quadraticexpression(equationB1.8, [4]), p; is the extendedcofactorrow

VeCtor[O Ci1 ... Cim]l (cij = COf(Aij)) and

I
1 o A
Gi = Z o2 Z’Y;(T’ H)CTC,TT + D,J,
sES, St =1
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]
ki= Y 50| Yo 0)CT + Dl

SESy 850 =1

whereJ, is definedasthe matrix

1 [, (ks = b)]"
Ar_l(,us - b,) A;l[Es + (s — by) (s — br)T]A;lT

B. Gaussian Parameter Estimation

This sectiondescribeghe estimationschemefor the statedependentGaussiarmeansand
variancesunderthe CML criterion. With thetransformsestimatedasdescribedn Sectionll-A,

we denotethe parametesetasf = (T, s, Zs). Usingthe Markov assumptionsye canwrite
log ¢(Cl|st; ) asy, 3¢ log q(C,|s; B)1,(s,) andsimplify equation(1) as:

[
f: Z’Y;(T; 0) - Vslog q(C.ls; 0) + Ds/q(C; )V ;logq(¢;0)d¢ =0 (4)

T=1

wherewe definey!(7;0) = ~,(r;8) — 49(r; ). Here,the posteriorsy,(r; §) and+¢(r; §) are
estimatedor eachstateusingthe new transformestimatesandthe old Gaussiaimodelparame-
ters. To simultaneouslypdatethe Gaussiameansandvariancesve take the dervative of the
statedependenemissiondensitywith respecto u, andX; !, substituteheresultin equation(4)

andsolwefor us andX,. Theentirederivationis presentedn the Appendix,wherethe estimate

for themeanis shavn to be

- A

Zi—:l 72(7-; é) rST + Ds,u's

A= =k : (5)
Z‘r:l 7;(7—’ 9) + Ds
andtheestimatdor thevariances
Y mOTEETTT + D, (S + pe?)
Y = - ( ) - /'Ls:uz : (6)

S (r;0) + D,
In theimplementatiorof theprocedureseportechere the D, valuedor equationg5) and(6) are
calculatedasdescribedy WoodlandandPovey [6] (Sec.3, schemes & ii with E = 2). This
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concludeghe estimationprocedurdor the parametersf the DLLT model. We have presented
atwo-step,iterative procedure Thetransformsare estimatedsia equation(3) whichis iterated
until the [T;]; parametersorvemge. After thisMMI Gaussiarparameteestimatesirefoundvia
equationg5) and(6).

C. Effective DLLT Estimation

On inspectionof the definition of G; it canbe seenthat the resultingtransformwill have
dominantdiagonaltermswhenthe covariancematrix X, in J, is diagonal. Specifically the
diagonattermsof ¥, + (u, — b,)(us — b,)T dominateslightly when, is diagonal.This holds
evenfor smallvaluesof D,, andthelarge valuesof D, asusedin MMI furtherexaggeratehis
effect. In thesesituations,the resultingDLLT transformis effectively identity. We note that
MLLT doesnot have this problemsinceit hasno D, or J, terms.We have foundit effective to
replaceX; in J, by the estimateof its full covariance matrix asfound from the mostrecently
computedstatistics. Using the full covarianceform in J, preventsthe diagonaltermsfrom
dominatingthenew transform.We stresshoweverthatthefull covariances notusedelsavhere;

it is notusedin theestimationof the Gaussiaremissiondensities.

[11. DISCRIMINATIVE SPEAKER ADAPTIVE TRAINING

Speakr Adaptive Training (SAT) [3] hasbeenshavn to be effective in improving the perfor
manceof spealerindependentVCSR systems For eachspealer, a transformis appliedin the
estimationof the statedependenbbsenration distributionsin orderto reducethe inter-spealer
variability within thetrainingtest.

In SAT theemissiondensityof states is reparametrizetbr eachspealer k as

Q(O‘S, k; 9) = ;6_% (O—Tr(k)fs>TEs_1 (o—T,fk)gs)
(2m)™ X

Here, T,* is the extendedspealer dependentransformationmatrix [6*) A%®)): and ¢, is the
extendedmeanvector|1 uf]T. Theaugmentedtatedependenparametesetis definedasd =

(T,fk), Us, X5 ), for all spealersk.
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Our objective is to computethe spealer dependentransformsandspealkr independenpa-
rametersf the statedependendistributionsunderthe CML criterion. We call this Discrimina-
tive Spealer Adaptive Training (DSAT). We first maximizethe CML criterion with respecto
thespealer dependenaffine transformswvhile keepingthe spealerindependentneansandvari-
ancedixedto their currentvalues. Subsequentlywe computethe spealer independenimeans
andvariancesusingthe updatedvaluesof the spealer dependenaffine transforms. All these
estimationstepsaredoneunderthe CML criterion.

In SAT thetrainingdataarecollectedfrom a populationof K spealers.To incorporatanfor-
mationaboutthe spealer identitiesinto the CML framewvork, we modify the obsernedrandom
processefo includea sequencehatlabelseachobsenationvectorby the spealer who uttered
it: (6!, kL, w?). Thetrain objective thereforebecomeshe maximizationof p(w?| &!, kl; 6). The
parameteupdaterelationshipof equation(1) canbe modifiedto includethe spealeridentity as

follows:

0:3" atstaf, of, ks 6) — a(st]al, kl; 8)] - Vologa(el, kfst; 9)

i
$1

+) d (sll) /Q(Ollaif“sll; 0) - Volog q(oy, ki|st; 0) doy =0. (7)
sl

Usingthe Markov assumptionsve canwrite log q(él;, I%{|s’;; f) as
S krs S log (6r]s, k3 8) 1 (fr )14 (5:)1,(R(s)), wherely(k,) = 1if k = k,, 0 otherwise.

Equation(7) thenbecomes:

0:3 > Y Ai(r;0)Velogq(er|s, k; )

kyr €Sy ik =k

+>.> D / a(ols,k; 8)Vologg(ols,k; B) do=0. (8)

k,r SESy
wherewe definey’(r; ) = v(;0) — v9(7; 6). Here,y,(7;0) = g,, (s|o?, ol ki 6) isthecon-
ditional occupanyg probabilityof states attime r giventhetrainingacousticandtranscription;
yi(r;6) = qu(5|6{, IE{; 6) is the conditionaloccupang probability of states at time 7 given

only theacoustidrainingdata;and D{¥ = D ik 25,1:3725 d'(sh).
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A. Estimation of DSAT Transforms

With the HMM parameterdixed, the parameteupdaterelationshipof equation(8) canbe

expresseds:

L9 2y "> Au(738) - Vi log q(6r]s, ks TV, g, )

$€Sr ik, =k

+ ZD / 0|8 k T aMSaEs)V (k) Iqu( |3 )7N5a25) do=0. (9)

SESy

Thegradientof logarithmof the emissiondensityg with respecto T¥) canbefoundas

Vo log g(ols, ;6) = - - Va0 (( ®e,)" niT®e, 4+ T o)

1
2
=%, (o-TMe) &

Substitutinghisinto equation(9) gives

Yo D nmOs (6 - THE) & + ZDﬁk’EZl/Q(Ols,k;Tr(k))( —TM¢) €/do=0

$E€Sr ik, =k s€Sr

from whichit follows thatthe new transformestimateg, shouldsatisfy:

DS D nm 8o+ DITWe | 7 =3 | D 7m0+ DM | SITEE.

SESy rikr=k s€Sr \r:k,=k
(10)
Here,the stateoccupanciearefoundvia countsaccumulatedor eachspealer undertheinitial

parameterﬁT,«(k), sy s )

B. Gaussian Parameter Estimation

We now describethe estimationscheméfor the stateindependenGaussiaimeansandvari-
ancesunderthe CML criterion. With the transformsestimatedasin Sectionlll-A, we denote
the parametersetasd = (Tr(k), Us, Xs). To simultaneouslyupdatethe Gaussiammeansand
variancesve differentiatethe statedependenémissiondensitywith respecto i, and¥:; !, sub-
stitutetheresultin equation(8), andsolve for u;, andX;. Theentirederivationmaybefoundin

the Appendix,wherethe estimatefor the meanis shovn to be
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andtheestimatdor thevariances

~ 2 _ _ 2
S (St (o - ) D (54 (40— 40.)') )
B = — (12)

Whereﬁgk) = A,(nk)ﬂs + 5% arethenew spealer dependenineans.

The stateoccupanciesre found via countsaccumulatedor eachspealer using the new
spealker dependentransformestimates.The D) valuesfor equationg10), (11) and(12) are
setonaperspealkrbasis.They arecalculatedasdescribedy WoodlandandPovey [6] (Sec.3,
schemas with E = 2) andguarantee¢hatthetermto beinvertedin equation(11) is a positive-
definite matrix. This term needonly be accumulatedncefor all spealers, thus makingthe
parallelexecutionof DSAT algorithmfeasible. This derivation describes two-stagejterative
procedure Initially, spealer dependentransformsareestimatedsia equation(10), afterwhich

spealkrindependenMMI Gaussiamparameterarefoundvia equation(11) andequation(12).

V. EXPERIMENTAL RESULTS
A. System Description

Thesystenis aspealrindependentontinuousnixturedensity tied state cross-vord,gender
independentriphoneHMM system.The baselineacoustianodelsusedasseedmodelsfor our
experiments,were built usingHTK [15] from 16.4 hoursof Switchboard-1and 0.5 hour of
CallhomeEnglishdata. This collectiondefinedthe developmentraining setfor the 2001 JHU
LVCSR system[16]. The speechwasparameterizethto 39-dimensionaPLP cepstralcoefi-
cientswith deltaandacceleratiorcomponent$l7]. Cepstraimeanandvariancenormalization

was performedover eachconversationside. The acousticmodelsusedcross-vord triphones
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with decisiontreeclusteredstated15], wherequestionsaboutphoneticcontext aswell asword
boundariesvereusedfor clustering. Therewere4000uniquetriphonestateswith 6 Gaussian
componentger state. Lattice rescoringexperimentswere performedusingthe AT&T Large
Vocahulary Decodel{18], with a 33k-word trigramlanguagemodelprovidedby SRI[19].

Therecognitiontestswerecarriedoutonasubsebf the2000Hub-5Switchboard-Z valuation
set(SwsD1) [20] andthe 1998Hub-5Switchboard-2valuationset(SwsD2) [21]. TheSwBD1
testsetwascomposeaf 866 utterancegsonsistingof 10260wordsfrom 22 corversatiorsides,
andthe SwBD2 testsetwas composedf 913 utterancesonsistingof 10643wordsfrom 20
cornversationsides.Thetotal testsetwas?2 hoursof speech.

To definethe numberof transformsand assignthe Gaussiansn the modelsetto clusters
we emplgyed a variationof the HTK regressionclasstree implementatior{15]. All statesof
every contt-dependenphoneassociatedvith thesamemonophonevereassignedo thesame
initial class.TheHTK splitting algorithmwasthenappliedto eachof theinitial classesvith the
additionalconstraintthatall the mixture componentassociatedvith the samestatebelongto
the sameregressiorclass.

Discriminativetrainingrequiresalternatavord sequencethatarerepresentate of therecog-
nition errorsmadeby the decoder Theseare obtainedvia triphonelatticesgeneratedn the
training data. Our approachs basedon the MMI training proceduredevelopedby Woodland
andPovey [6]. However, ratherthanaccumulatingstatisticsvia the Forward-Backvard proce-
dure at the word level, we usethe Viterbi procedureover triphonesegments. Thesetriphone

seggmentsarefixedthroughoutMMI training.

B. DLLT Results

We conducted seriesof experimentso compareDLLT to MLLT. Throughouthe MLLT ex-
perimentg4], we performoneupdateof thetransformdollowedby oneupdateof the Gaussians
usingstatistics obtainedirom the Viterbi alignment.Thesealignmentsvereobtainedfrom the
ML baselineandwerekeptfixed throughoutthe MLLT experiments.Similarly, during DLLT
iterationswe performoneupdateof thetransformdollowedby oneupdateof the Gaussiansas
describedn Sectionll-A. ThetriphoneposteriomprobabilitiesusedduringMMI basedraining

werecalculatedrom theML baselineandwerekeptfixedthroughouthe DLLT updates.
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#classes 0 1 2 3 4 5 6 7 8
SweD1 || 41.1| 39.4| 39.2| 39.2| 39.0| 38.9| 38.8 | 38.7% | 38.8
MLLT SwBD2 || 51.1| 50.0| 50.3| 50.4| 50.3| 50.2| 50.2 | 50.2¢ | 50.1
48 swBD1 x | 37.6|37.4
DLLT SWBD2 x | 49.5| 48.8
swBD1 || 41.1| 38.9| 38.7| 38.7| 38.2| 37.9| 37.8« | 38.0 | 37.9
MLLT SwBDZ2 || 51.1| 49.8| 49.8| 49.6| 49.5]| 49.5]| 49.3« | 49.1 | 49.1
223 swBD1 x | 37.0] 37.0
DLLT SWBD2 x | 48.6| 48.6
swBD1 || 41.1| 38.4| 38.2| 38.2| 37.7| 37.9| 37.8 | 37.9 | 37.8
MLLT SWBDZ2 || 51.1| 49.6| 49.5| 49.3| 49.2| 49.0| 49.0« | 49.0 | 49.1
467 swBD1 x | 37.1| 36.9
DLLT SWBD2 x | 48.4| 48.8

TABLE |
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 experimentkeptthe parametersf the HMM obsenationdistributionsfixed at their
ML values.Throughouthesexperimentsve usedafixedsetof 467transfornclassegenerated
by the above describedclusteringalgorithm. The Sweb1 ML baselineWord Error Rateis
41.1%. The first and secondterationof MLLT yield Word Error Rateof 39.1%and 39.4%,
shawving overtrainingatthesecondteration.DLLT yieldsWord Error Rateof 38.5%and38.3%
atthefirst andsecondteration. Similar performancevasfoundon SwsBD2. Theseexperiments
shaw thatdiscriminatve estimatiorof lineartransformsmprovesover ML estimatiorfor feature
normalization.

Our next objectve wasto seethe improvementsobtainedby varying the numberof trans-
formation classes. For this purpose,we trainedthree MLLT systemswith 48, 223 and 467
transformatiorclassesall initialized from the ML baseline. The 48 classMLLT systemhas

transformdied to eachstateof every context-dependenphoneassociateavith the samemono-
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MLLT DLLT DLLT
SweD1 | SwBD2 || SwBD1 | SwBD2 || SWBD1 | SwWBD2
0 41.1 51.1 T T * *
1} 38.4 49.6 38.2 49.2 37.1 48.4
38.2 49.5 37.3 48.9 36.9 48.8
38.2 49.3 37.8 48.8 - -
4 37.7 49.2
37.9 49.0
6% 37.8 49.0
7 37.9 49.0
8 37.8 49.1
TABLE Il

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

TWO DIFFERENT INITIALIZATION POINTS.

phone.Forthe223and467classMLLT systemave allow a maximumof 6 and10 divisionsof
the original classesrespectrely. Resultsarereportedin Tablel. In theseMLLT experiments
we obsere significantperformanceyainsin usingthelargernumberof transformatiorclasses.

We thenperformedDLLT, for thesesamethreecollectionsof transformatiorclassesin each
casetheDLLT systemis seededrom a well-trainedMLLT system(indicatedby x). We note
thatin all casesheDLLT system®utperformthe MLLT systemsBestperformances obtained
with the larger numberof transformatiorclassesalthoughthe adwantagesare not asgreatas
with MLLT. This suggestshat DLLT canbe effective with fewer transformshanMLLT. For
subsequergxperimentsve usethe467transformatiorclassset.

To validateour approactwe calculatedhe valueof log P(W|O; 8) asafunctionof theiter-
ationnumberfor the 467 classDLLT system.In iterationO (the MLLT baseline)s —2.15F05,
in DLLT iterationlis —1.80F£05 andin DLLT iteration2 is —1.53E£05. Theseresultsconfirm
thatthe MMI objectve functionis increasinguinderthe estimationprocedurdor DLLT.

In the next setof experimentswe exploredthe sensitvity of DLLT to differentinitialization

points. Theseexperimentsareshavnin Tablell . TheDLLT systems seededfterl iterationof
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MLLT+MMIE DLLT+MMIE
SweD1 | SwBD2 | SwBD1 | SWBD2
0 * * * *
1| 37.6 48.7 36.7 48.6
2| 37.0 48.4 36.8 48.9
3| 36.9 48.7 - -
TABLE 1l

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

FOUND AFTER 6 MLLT ITERATIONS.

MLLT experimentgindicatedoy t). After twoiterations DLLT performances (37.3%/48.9%).
For corveniencewe repeathe 467 classMLLT experimentsof Tablel. We alsorepeatthe 467
classDLLT experimentf Tablel in whichestimationvasinitialized after6 iterationsof MLL T
experiments After two iterations DLLT performances (36.9%/48.8%)We find thatthelatter
is superiorto performingDLLT afteronly 1 iterationof MLLT. This shavs the importanceof
a properinitialization of the DLLT procedure We alsoobsere, thatDLLT corvergesin fewer
iterationghanMLLT. After two iterations DLLT yieldsbetterperformancg37.3%/48.9%j}han
six iterationsof MLLT (37.8%/49.0%)Moreover, DLLT consistentlyoutperformavILLT.

We next studythe applicationof MMIE estimationof the Gaussiaimeansandvariancesn
a systemwith fixedtransformsestimatedsia MLL T. We call this techniqueMLL T+MMIE fol-
lowing Ljolje [11], in Tablelll. We comparethisto a similar approachn which thetransforms
areestimatedria 1 iterationof DLLT andarethenfixed prior to further MMIE Gaussiantera-
tions. We call this techniqueDLLT+MMIE in Tablelll. Both proceduresvereinitialized with
thewell trainedMLLT systemof Tablell foundatiteration6. The similar performancdound
in thesescenarioss notsurprising,in thatenoughin domaindatais availableto allow discrimi-
native estimationof the unconstraine@bsenrationdistributions. In this case thediscriminatve
estimationof the unconstrainedaussiarparameterglearly dominateghe initial calculations

of theunderlyingtransforms.
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C. DSAT Reaults

We conductecdh seriesof experimentdo compareDSAT to ML-SAT estimation.In spealer
adaptve training the characteristicef a spealer areestimatedrom the testdataitself andnot
from sometranscribecenrollmentdata.Althoughwe canestimatea large numberof transforms
for ary of thetraining spealkerssincein trainingwe have the correcttranscriptionandadequate
amountof data,this is not the casefor testspealers (unsupervise@daptatiorwith few data).
Thereforethe numberof transformghatcanbe reliably estimateds limited. Throughouthese
experimentave useda fixedsetof 2 regressiorclassegorrespondingo speeclandnon-speech
states As the numberof transformancreaseshe WER increasessincethe amountof testdata
is smallenoughthatmorethan?2 transformatiormatricescannot bereliably estimated.

TablelV shownsthe performancef the ML-SAT andDSAT estimationproceduresML-SAT
wasperformedwith a MMIE trainedmodelindicatedat iterationO. In this implementatiorof
ML-SAT, the transformatiorparametersndthe Gaussiammeanand varianceparametersare
estimatedat eachiterationvia Baum-Welsh procedure pver the transcribedraining data. In
the DSAT experimentsonly the meanandthe transformatiorparametergarereestimatedinder
the CML criterion. The variances not updatedbetweerniterations;we keepthe variancevalue
estimatedat ML-SAT iteration5. Furthermorethe lattice link posteriorsusedin DSAT are
thoseobtainedusingthe ML baselinemodel(41.1%/51.1%).Our goalis to shav that DSAT
canimprove over ML-SAT throughimprovedestimationof the spealker dependeniodels.We
expectthatfurthergainscould be obtainedby optimizingvariancesaswell.

We performedmultiple iterationsof ML-SAT on thetraining set. DSAT wasinitialized by a
well-trainedML-SAT systemfound atiteration5. A comparisorbetweenDSAT, asdescribed
in Sectionlll, andML-SAT is presentedh thecolumnsDSAT-2 andML-SAT of TablelV. The
DSAT-2 meanandtransformatiorparametersverereestimate@t eachiterationunderthe CML
criterion. The bestDSAT-2 resultwasobtainedafter5 iterations(33.4%/44.2%).For compar
isonwe presentesultswith furtheriterationsof ML-SAT (34.1%/44.9%).Theseresultsshov
that discriminatve estimationimprovesover ML estimationof spealr dependentransforms
andspealer independentmeanparametersSincewe startfrom a well trainedMMIE system,
thegainsobtainedrom DSAT-2 aredueto thefactthatwe incorporatespealkradaptve training

into MMIE parameteestimation.
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ML-SAT DSAT-1 DSAT-2 MMI-SAT
SweD1 | SweD2 || SwBD1 | SwBD2 | SwBD1 | SwBD2 || SWBD1 | SWBD2
0 35.9 47.0 35.9 47.0 * * * *
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
Sx 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 MODELSWERE INITIALIZED BY MMI TRAINED
MODELS. THE MMI-SAT AND DSAT-2 MODEL S WERE SEEDED FROM MODEL S FOUND AFTER 5 ML-SAT ITERATIONS.

RESULTSINCLUDE UNSUPERVISED MLLR SPEAKER ADAPTATION.

While DSAT-2 wasfound superiorto ML-SAT, performingML-SAT subsequento MMI is
neededor the bestinitialization of DSAT. In the DSAT-1 columnof TablelV the performance
of DSAT initialized with MMIE is presentedor afair comparisorwith ML-SAT. Experimental
resultssuggesthatDSAT shouldbe appliedfollowing severaliterationsof ML-SAT.

Finally, we compareDSAT with MMI-SAT. The previously developedMMI-SAT procedure
[22] proceeddy fixing the ML-SAT transformsprior to subsequeniterationsof MMIE esti-
mation. A comparisorbetweerDSAT andMMI-SAT is presentedn the columnsDSAT-2 and
MMI-SAT of TablelV. Theexperimentakesultsshav significantimprovementover ML-SAT.
Also DSAT givesslightly betterresultsafter5 iterations,an absolutedifferenceof 0.2%/0.4%,

whichis attributedto the discriminatve calculationof thetransformatiommatrices.

April 16,2003 DRAFT



17

V. CONCLUSIONS

This paperdescribeghe integrationof Discriminatve Linear Transformsinto MMI estima-
tion for Large Vocalulary SpeectRecognition.We have developedestimationprocedureshat
find DLTs jointly with MMI for both spealker adaptve training andfeaturenormalization.We
presentCML reestimatiorformulaefor eachof thesetraining scenarioanddiscussmodeling
approximationseededor their effective implementation.

We havefoundthatdiscriminatveversionof spealkeradaptvetrainingandfeaturenormaliza-
tion outperformML training. Thesenew trainingproceduresvereevaluatedon the Switchboard
corpuswhereeachgivesapproximately0.8% absolutéWord Error Rateimprovementover the
ML estimationproceduresGiventhatthesetwo modelingapproachesreintendedto capture
distinctacoustigpghenomenahereis the promisethat DSAT andDLLT mayyield complemen-

tary improvementsn performancevhenusedtogether

APPENDIX A

DISCRIMINATIVE LIKELIHOOD LINEAR TRANSFORMS
A. DLLT Estimation

Thereestimatiorformulafor thetransformsarederivedfrom the updaterelationshipof equa-
tion (2). This derwvationinvolvesthe differentiationof the reparametrize@missiondensityq
with respecto [T ; andthe calculationof theintegral. After thesestepswe areableto express
(2) in suchform whereaniterative solutionis available.

With the HMM meansandvariancedixed, the logarithmof the reparametrizedonditional

densitylog ¢(¢|s; 0) is givenby (ignoringall termsindependentf T,.):

m

log a(¢15;6) = log(|4) = 5 3 (T Ze,{T) - 2T )

=1

whereR(s) = r and
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7]
s,i - ;l C
ks, ando, ; aretheith elementof the meanandvariancevectot for states.

Thegradientof log ¢({|s; #) with respecto the parametecomponentT,]; is givenby

Di

1 10) = —— — [ TriZs, 50
V[Tr]z qu(<|$, 0) pz[Tr’-T]z [ 7'] B +wa

wherep; is theextendedcofactorrow vector(0 ¢;; ... cim), (ci; = cof (Aij)).

Substitutinghe above expressiorfor the gradientinto equation(2) yields

22%79< TT] [T]Z“—i-w“)

s€Sy T=1
) bi  my L, ' _
#5000 [ a6t (S~ B+ v =0 (13

SES,

Thecalculationof theintegralin equation(13) proceedss:

2y (P Tzt de
[ a6 (S Ee = T2+ ws) dc

W aizm]"/ (G T)CTdC+ 5 / a(G; T)¢Td¢ =

X3 X3

Di /'l'sz
p-[TT]~‘az[ rlid+ g Lk

whereJ, is definedasthe matrix

1 (A7 (s = 0,)]" |
A= be) AT S+ (s = be) (s = b)TIAT

Equation(13) canthenbewrittenas

(14)

ZZ%TG< [TT] -5 ]Zsz+w“>+ZDs(ﬁ - [T]J+g“[,]]1):

seSy T=1 SES, r St LR
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Rearrangingyields

pl — T . . — .
5y, = (TG = k (15)

where

i
> 1u(138)6(F + D,
T=1

1
G,-:ZJZ

SESr 8,7

]
ki = Z ,u;,, Z'y;(T; 0)CF + Dy[J)

o4 .
sES, St \7=1

B=Y (D 76 + D,

sES, =1

An iterative solutionto the optimizationof equation(15) is describedy Gales[4], whereeach
row of 7, is optimizedgiventhe currentvalueof all the otherrows. It canbe shavn thatthe ;**

row of thetransformatiommatrix is foundby

[Tr]z = (api + k‘z) Gz_l

whereq satisfiesa quadratieexpressionequationB1.8,[4]).

B. Gaussian Parameter Estimation

ThestatedependenGaussiaitmeanandvariancgparameterareestimatedinderthe CML cri-
terionwith theuseof thesimplifiedparameteupdateelationshipof equation4). Thederivation
of theupdateformulasinvolvesthegradientof thereparametrizedmissiordensitywith respect
to u, andX ;! andthecalculationof theintegral. After thesestepswe solvefor u, andX,. With

thetransformsestimatedasdescribedywe denotaheentireparametesetasé = (T}, s, Bs).
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1) Mean estimation: Thegradientof log ¢({|s; §) with respecto the parametecomponent

s 1S givenby

—_

V. logq(¢]s;0) = V,, ( (T,¢ — )" S (T — us)>

= 2;1 (TrC - ,U's)

2
Substitutingnto equation(4) andrearranginggives

Zizvi(r; 9) (Trfr - ﬁs) + D (/ o(¢;0)T,¢d¢ — /q(g; é)ﬂsdg) -0

=1

Calculatingtheintegral yields

l
> A(7:8) (Tl = 1) + Dy (s — i) = 0
=1
Finally theupdateequatiorfor u, is givenby

YL ()T + Do
Efr:l /Y; T é) + Ds

2) Variance estimation: Thegradientof log ¢({|s; §) with respecto ;! is givenby

(16)

Vo1 logq(([s; 6) = Vo <1Og 1Ze| = (T¢ — ) B (1€ — us)T)
= Es - (Trc - /J's) (Trc - /J's)T

Substitutingnto equation(4) gives

>ttt (3, (76 ) (76 1))
D, [ a¢lsid) (8- (B¢ - m) (g - ) T) dg =0. @)
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Calculatingtheintegralin the previousequationgives

5, - / 0(C[5:0) (To¢ — ) (T — ) " =
Sl — [ alClsiB) (TG ~ ToCat - pc"TT) dg =

Mg — X5 — Msuz—' + MsﬂsT + ,DSNZ - ﬂsﬂsT

Substitutingheintegral into equation(17) yields

! ~ _ — A — A T
27;(7-; 9) (25 - (TT‘CT - ,as) (TT‘CT - ,us) )
+ Dy (£, — B — popl + psfil + Bspl — fspT) =0

Usingthefactthat i, is givenby equation(16) we canobtainthe reestimatiorformulafor the

new estimateof ¥, as

~ - A A

5, = S BOOLGET + Do (Se b putly) - oo
Zi’:l 7!9(7-’ 0) + Ds
APPENDIX B

DISCRIMINATIVE SPEAKER ADAPTIVE TRAINING
A. Gaussian Parameter Estimation

ThestateindependenGaussiaimeanandvarianceparameterfor DSAT areestimatedinder
theCML criterionwith theuseof the parameteupdaterelationshipof equation(8). Thederiva-
tion of the updateformulasinvolvesthe gradientof the reparametrize@missiondensitywith
respecto u, andX;* andthe calculationof theintegral. After thesestepswe solve for u, and
%,. Theparametesetis § = (T, u,, T,).

1) Mean estimation: Fromequation(8), the Gaussiamimeansarefoundas:

s Z Z va(T; 9~) -V, log q(6,]s, k;Tr(k), s, Xs)
k Tk =k

+) DM / q(ols, k; T, s, ) - Vi, Jog q(o] s, k; T, i, T5)do = 0. (18)
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In a similar fashionby taking the derivative with respecto the spealer independenmeanwe

have:

Y, loga(ols, ki T, ) = A9TE] (0~ B9 - A9

Substitutinghe abore expressiorfor thegradientinto theupdaterule of equation(18) gives

Z Z v (r;0) AT )+ ZD / (ofs, k; ps) APTET! (0 — @) do = 0

ik, =k

Whereu(k) = Aﬁk)ﬂs + 5% is definedasthe new spealer dependenmean. Calculatingthe

integralyields

S X A AT, 5o )+ 3P AT, A (i ) do =0
k

ik, =k

Finally, giventhe new estimateof the spealerdependentransformT , Spealer independent

meansarethenreestimatecs

-1

S a0rs; (3 i) (6, — B) + DAY,
k

ik =k

2) Variance estimation: Fromequation(8), the Gaussiarvariances foundas:

> Au(r;6) - Vg 1logq(e-|s; T, fiy, )
P

+ ZD(k / ( )1 Hs, ES)VES_I 10gq(0|8; Tr(k)a,us, Ss)do =0. (19)

In asimilarfashionby takingthedervative with respecto thespealerindependentariancene

have:
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V. 1logg(ols; T, iy, B,) = 8 — (0 — aP) (0 — g®)"

(k)

whereps’ = = AW s + 2™ definedasthe spealer dependenmean. Substitutingthe above

expressiorfor thegradientinto theupdaterule of equation(19) gives

>3 wm) (S0 - (00— &) (o, — )"

ko vk, =k
+Y D¥ /q(0|8; Its) (is — (0= ) (0 - ﬁ§k>)T) do=0.
k

Rearranginghe previousequationandcalculatingtheintegral yields

Y| X vmh ¥ ) 5, =

k T:I::-,—:k

k T:ET:k
D (5, HO (A, + 50)" — T (A0, + 1))
+D® (ﬂgk)ﬂsk)T + (A9, +5£k))T (A, +5 )))

Finally, giventhe new estimateof the spealer dependentransformTr(k), andthe new estimate

of thespealerindependentnean,, thespealerindependentariancesarethenreestimate@s

Y (ZT;@T_;C 7i(r;0) (o - ﬂgk))2> + DY (23 + (A%, - A&k)ﬂs)Z)
.o i (Zrd,zn (3 6) + DY) |
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