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ABSTRACT

We describeour formulationof transformationenhanced
datamodelingusedto developa multi-graineddataanaly-
sisapproachto text independentspeaker recognition.The
broadgoalis to addressdifficultiescausedby sparsetrain-
ing andtestdata.First,ourdevelopmentof maximumlike-
lihood transformationbasedrecognitionwith diagonally
constrainedGaussianmixturemodelsis detailed.We give
resultsto show its robustnessto decreasingtraining data.
Thenusing the thesemodelsasbuilding blocks,a multi-
grainedmodelstructureis developed.For this, thetraining
datamustbe labeled,e.g. with an HMM basedphonela-
beler. A graduatedphoneclassstructureis then usedto
train the speaker model at variouslevels of detail. This
structureis a tree with the root node containingall the
phones. Subsequentlevels partition the phonesinto in-
creasinglyfinergrainedlinguisticclasses.We demonstrate
the effectivenessof the modelingwith identificationand
verificationexperiments.

1. INTRODUCTION

Reliableauthenticationbasedon speechmust be flexible
enoughto allow conversationalspeechinput [3] [4]. i.e.
it must be text-independent.Becauseit is impracticalto
collect a large amountof training data,we cannotprop-
erly createvoice-print modelsfor all of the possibleus-
agescenaria.We addressthis by first improving the gen-
eral robustnessof our basicmodels,via a featurespace
transformationand then subsequentlyuse them to build
multi-grainedmodelsthat allow a detailedphoneticanal-
ysiswherepossibleanda naturalback-off otherwise.We
describenovel methodsboth for constructingindividual
speaker discriminantfunctionsaswell asfor deriving tar-
get dependentbackgrounddiscriminantfunctionsfor use
in verification. Resultsare given for both identification
andverificationcomparingtheperformanceof our system
to standardtechniques.We show thebenefitsof our basic
formulationasthetrainingdatais graduallyreduced.Then
we giveverificationresultsbasedon multi-grainedmodel-
ing.

2. SPEAKER RECOGNITION FRAMEW ORK

Ourinitial featuresareasetof vectors,
�
x � in ��� , contain-

ing 19 Mel-frequency cepstralcoefficients(MFCC) com-
putedusing24 filters,with deltaparametersconcatenated.
Further, we usecepstralmeansubtractionfor robustness.

2.1. GaussianMixtur eDensityModel

WedescribethestandardGaussianMixture Model(GMM)
formulation[7]. Giventrainingdatafrom a speaker � , de-
fine the GMM ��� to be the statisticalmodel,parameter-
izedby

�
m� 	�

���	�
���� 	 � , whereonehasrespectively theMax-

imum likelihood (ML) estimatesof the meanvectorand
covariancematrix alongwith the weight for eachcompo-
nent � of the mixture inducedby clustering. For stability
the clusteringis doneusinga speaker independentinitial
seed.Then,theexpectationmaximization(EM) algorithm
is usedto optimize the speaker modelparameters.Con-
straintson the amountof dataavailable to train a target
makesit necessaryto usediagonalcovariancemodels.

2.1.1. DiscriminantFunction

Mathematically, bothidentificationandverificationcanbe
formulatedashypothesistests. The basicdiscriminantis���������

X � ����� , the log likelihood function which can be
writtenas ��� �����

X � � � �"!#
x $ X

��� �&%('*),+# 	�-,. ��� 	 � � x �m� 	 

���	 �0/ (1)

where,thenumberof mixturecomponentsis 1 . Restrict-
ing to diagonalcovariances,thecomponentlikelihoodsare� � x �m� 	�
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For completeness,we mentionthat � �L is usedto denote
thediagonalversionof themodel.

3. TRANSFORMATION BASED RECOGNITION
FRAMEW ORK

In this sectionwe describeour enhancementof the ap-
proachto patternrecognitionbasedon the Gaussianmix-
turestatisticalmodel.Theresultingformulationwill bethe
basisfor themulti-grainedmodelstructure(Section 4).

3.1. FeatureTransformation

The scarcity of training data usedto construct ��� im-
plies poor covarianceestimatesfor someof the compo-
nents. Thus, we restrict to diagonalcovariances. How-
ever, whenmodelingdatawith diagonalGaussiansit can
beshown thattheunmodifiedcepstralfeaturespaceis sub-
optimal [2], from the maximumlikelihoodpoint of view,
in comparisonto onewhich canbeobtainedvia aninvert-
ible linear transformation.Thus,we make the restriction
by choosinga patternspecificmaximumlikelihoodlinear
transformationthat givesthe featurespacewhich reduces
thelossin likelihoodcausedby therestrictionto thediago-
nal. Thetransformtakesonsignificancedueto thefactthat
weareusingGaussianmixturemodelsandthetransforma-
tion will apply to morethanonemixturecomponent.Sin-
glecomponentmodelingwouldbethesameasfull covari-
ancemodeling[2]. By this method,the datacorrespond-
ing to mixturecomponentswith goodcovarianceestimates
contributesmost to the determinationof the transforma-
tion, which is appliedto all mixturecomponents.

3.2. Transform EnhancedBuilding Block

We startwith ��� asdefinedin Section2.1. Next, a trans-
formationT � is obtainedfor eachspeaker � by performing
theoptimizationdescribedin Section3.2.1. Note that this
requiresa definitionof a mixturecomponentmembership
function S � � � 
 x � (seethe next sectionfor an explicit defi-
nition) which is readilyavailableafter the clustering.For
the transformenhancedsystem,thevoice-printsaregiven
by ��� andT � .

3.2.1. TransformedDiscriminantFunction

Let � �
T F representthetransformedmodel�

T � m � 	 
 T � ��� 	 T �UT V 
���� 	 � . Note thatboth the meansandco-
variancesareaffected,but not theweights.Thelog likeli-
hoodbecomes ��� �W���

XT F � � �L TT F �"!#
x $ X
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where� �L TT F representsthetransformedmodelwith diag-

onalcovariances,S � � � 
 x � equals
8

if x is assignedto class� , and ] otherwise,andXT F representstheset
�
T � x ^ x _

X � . Notethat S � � � 
 x � hasreplaced�`� 	 . Thisstepis required
for theoptimizationdescribednext.

The MLLT [2] transformT � is determinedby maxi-
mizing themaximumvalue,overclassrestrictedinputs,of
equation3 whenthemodelparametersarechosento bethe
maximumlikelihoodparameters.

The discriminantfunctionsare now parameterizedby
a patternspecificmaximumlikelihood transformationin
additionto the componentparameters.This allows us to
evaluatethe relationshipof datato a given model in that
model’soptimal featurespace,giventhatdiagonalmodels
areused.

4. MULTI-GRAINED MODELS

First,all thedatais labeledwith anHMM basedphonela-
beler. Next, considera tree structurewith the root node
containingall thephones.Thenext level hassevennodes.
Onefor eachlinguistic class(vowels, nasals,voicedand
unvoiced fricatives, plosives, liquids), plus silence. The
lastlevel is comprisedof theindividualphones.Eachtrain-
ing vectoris assignedto any treenodecontainingits label.
Sothesamedatais seenfrom differentviewpoints. In the
sequelwe refer to eachnodesimply by an index number
runningfrom

8
to thenumberof nodes.Themodelfor the

root nodeof thetreewill becalledtheGlobalmodel. For
eachnodein the tree, we constructa transformationen-
hancedmodelas in Section 3.2. A multi-grainedmodel
for a speaker � is a setof nodemodelsdenoted� ��

T � F ,
wherethebracesin

�
T � � indicatethemultiplicity of trans-

formationsassociatedwith the full model. To represent
the multi-grainedmodelwithout transformations,we will
reusethenotation � �L . We now discussthediscriminants
usedfor identificationandverificationbasedon themulti-
grainedmodels.

4.1. Identification Discriminant Function

Given a setof vectorsX in ��� , the likelihoodbaseddis-
criminantfunction(PickMax[5]) for any individual target
(or background)modelisa �

X � � �L T � T � F �"! #
x $ X b�c;de T 	f ����� � � T � e x �T � e m� e T 	 
U2 �54 6 � T � e ��� e T 	 T �3T Ve �U� \gR (4)

Here, S � � � 
 x � is definedimplicitly in termsof the max
over � in equation4. Thatis for eachnode h , S � � � 
 x � is set



to
8

for thecomponentthathasmaximumprobabilityand] otherwise.
Themethodof speaker identificationis asfollows. For

thebaselinecase:Giventestdata i , computethediscrim-
inantbasedon equation1 for each� , andlet the decision
begivenby 4kjl6 b�cXd � a �

X � � �L � . Thesubscript2 denotes
diagonalmodels.For thetransformenhancedcase:Given
testdata i , computeequation4 for each� , andlet thede-
cisionbegivenby 4kjl6 b�c;d � a �

X � � �L T m T n F � .
4.2. “W orld” Model Discriminant Function for Verifi-
cation

During training, the 1porq backgroundspeakers with the
highestdiscriminantscoreon the target training dataare
selectedfor thattargetto representthe“world” model.For
speaker � , let � �sut denotethisset.

A verificationclaimconsistsof anidentityclaim � along
with validation data. Given these,the world model dis-
criminantscoreisaweightedcombinationof theindividual
scoresfor eachmodelin � �sut .

a sut �
X � � �sut �W! #vxwKy $ v Fzk{�| �vxwKy a �

X � �~} NL T m T n3� wKy �
(5)

where | � vxwKy is theweight for thebackgroundmodel � } N
for target � and �~} NL T m T n � wKy indicatesthe diagonally re-

stricted,transformationenhanced,versionof themulti-
grainedbackgroundmodel � } N . Note, that the weights
werealsosubjectto� v wKy $ v Fzk{ | � v wKy ! 8

.
We usea non-linearweightingfunctionderiving the

weightsfrom theactualdiscriminantfunctionof thecorre-
spondingbackgroundmodelaccordingto

| � v wKy ! a �
X � �~} NL T m T n3� wYy ������ v�wYy $ v Fzk{ a �

X � �~} NL T m T n � wKy �u��1 orq � 

(6)

with ��! bx��� � � wKy>� � Fzk{ a �
X � �~} NL T m T n � wKy � . This func-

tion achieves a model emphasisadaptively to X and in-
creasescohortcompetitiveness.This is importantbecause
the test datawill vary from trial to trial making it nec-
essaryto adjustthe relative importanceof the individual
backgroundspeakers.

5. EXPERIMENT AL RESULTS

First we give resultson identification. The purposeis to
highlight therelativerobustnessof thetransformbaseden-
hancementto a reductionof thetrainingdata.As suchwe
give resultson the Global datamodel. Thenwe address
verificationwith theMulti-Grainedapproach.

���`���IA � � A ��4�� A ��4k� A
baseline 13% 10.5%
MLLT 11.5% 3.5%

Figure1: Error ratefor 7.5secondsof training. 1�! 8��
���`���IA � � A ��4�� A ��4�� A
baseline 4.5% 3%
MLLT 2% 0.5%

Figure2: Error ratefor 15secondsof training. 1�! �X�
5.1. Training and TestData

The Lincoln Lab HandsetDatabase(LLHDB), available
from theLinguistic DataConsortium,wasusedfor theex-
perimentsdescribedin this section. The target and im-
posterpopulationseachconsistedof 20 speakers (equal
numbersof malesand femalestaken alphanumerically).
Trainingdatawastakenfromtherainbow passagesfor each
speaker. Thebackgroundpopulationconsistedof theother
speakerstogetherwith thosefromothertelephony datasets.
Foreachspeaker, all of theTIMIT-text sentenceswereused
for thetests,giving a total of 200targettrials. In addition,
for verification,eachimposterwasclaimedto beeachtar-
get.

5.2. Identification

Identificationisverysensitiveto modelquality. Wedemon-
stratetherobustnessof the“building block” modelto a re-
duction of training data. Figure 1 shows not only a big
overall performanceimprovementwhen using the trans-
formation,but also shows a greaterimprovementfor the
malesthanfemales,dueperhapsto propertiesof the data
set. Comparingfigures2 and3, the resultsshow that the
transformationenhancedperformanceis comparableto the
baselineperformancewith doublethe training data. We
proposethatthetransformationindeedcarriesspeakerspe-
cific information.

Next, wegiveresultsfor speakerverification.Themulti-
grainedmodels,constructedusingthebuilding blocks,are

���`���IA � � A ��4�� A ��4�� A
baseline 2% 0.5%
MLLT 1% 0%

Figure3: Error ratefor � 30 secondsof training. 1�! �X�



Config Typeof weighting
Unif. Lin. Likelihood Pruned

Global 8.6% 7.6% 7.1% 5.9%
Multi 5.5% 4.4% 4.0% 4.1%

MLLT Global 4.0% 3.8% 3.8% 3.4%
MLLT Multi 3.1% 3.0% 3.0% 2.6%

Table1: Equal-errorrateson theLLHDB matchedcase

comparedto thegloballevel (asusedherefor id) models.

5.3. Verification

For the verification experimentsthe systemwas trained
(with thefull rainbow passages)andtestedin text-
independentmodeusingthe datafrom the LLHDB parti-
tioned as describedin Sec. 5.1. The backgroundpopu-
lation wascreatedusinginternallarge telephony database
involving approximately500speakers.

Table1 shows the systemperformancein the verifica-
tion task. We make someobservations. As with identi-
fication, the PatternSpecificMLLT drastically improves
the accuracy, decreasingthe error ratesby approximately
50%for theglobalmodelsandby about20-30%for multi-
grainedmodels.Themulti-grainedmodelstructuretogether
with thePickMaxscoringtechniqueoutperformstheglobal
levelmodeltrainedwithoutphoneticstructuring.Theadap-
tive weighting(Likelihood)comparesfavorably to a uni-
form
weighting,which correspondsto averagingthe individual
backgroundmodelsto obtainthe world modelscore,or a
linear weighting. Furthermore,Pruningthe set of back-
groundspeakers for the likelihoodweighting further im-
provesperformance.

6. CONCLUSION

We have presentedan enhancementto Gaussianmixture
modelbasedpatternrecognition,via theuseof patternspe-
cific featurespacetransformations.The techniqueis par-
ticularly suitedto limited datasituationsthat requirethe
useof diagonalcovariancematrices. The robustnessof
this approachto datareducedtraining wasdemonstrated.
Building onthis,amulti-grainedapproachbasedonapho-
netic labelingof the datawasdeveloped.Often,datacol-
lectionfor training is performedon-lineandmustberela-
tivelyshort.Consequently, thephoneticcontentof possible
testspeechmay not be well modeled. The multi-grained
modelingprovidesus with a refinedacousticstructuring
andallowsfor furtherimprovementsof thetransform-based
system. It doesso in a way that incorporatesa natural
back-off mechanism. If fine grain modelsare appropri-

ate, they will be used,otherwisethe moreglobal models
will prevail. As thedescribedsystemis designedfor text-
independentspeakerrecognition,it is asuitablecomponent
for a numberof morecomplex authenticationsystems.
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