TEXT INDEPENDENT SPEAKER VERIFICATION USING GMM
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ABSTRACT

This paperpresentghe performanceof a text independent
spealer verificationsystemusing GaussiarMixture Model
(GMM) for theBrazilianPortugueseThe Gaussiartompo-
nentsof the GMM statisticallyrepresenthe spectralchar
acteristicsof the spealer, leadingto an effective spealer
recognitionsystem.Themaingoalhereis a detailedevalua-
tion of the parametersisedby the GMM suchasthenumber
of Gaussiammixtures,the amountof time for training and
testing. Aiming at the definition of the bestsetof features
for a reasonableesponsethis work helpsthe comprehen-
sion of the modeland givesinsightsfor further investiga-
tion. We have used36 spealersin theexperimentsall mod-
eledwith 15 mel-cepstrakoeficients. For 32 Gaussians,
60 secondf training, and 30 secondf testing,the sys-
temhasnofailurefor areasonablgleanspeectsignal. The
resultshave shavn that the higherthe amountof time for
trainingandtesting the betteraretheresultsfor a givensta-
tistical modelingof the spealers. It wasinterestingto note
thatwhenthetime of trainingdropsto 10 secondsincreas-
ing the numberof Gaussianwas irrelevant to the system
performance.

1. INTRODUCTION

Therecognitionof a humanbeingthroughhis voiceis one
of the simplestforms of automaticrecognitionbecauset
usesbiometric characteristicsvhich come from a natural
action,the speech.Speechpeingpreseneverywherefrom
telephonenetsto personakomputersmay be the cheapest
formto supplyagrowing needof providing authenticityand
privagy in theworldwide communicatiomets[1].
Researchn the areaof spealer recognitionhassignif-
icantly grown over the last few yearsdueto a vastareaof
applicationsvheretherecognitioncanbeusedsuchas

— Accesgontrol: to devices,networks,anddatain gen-
eral;

*TheauthorthanksCAPESfor partialfunding of thiswork.

fCETUC/PUC-RIi0
RuaMarquesde SaoVicente,225— Gavwea
22453-900Rio deJaneiroRJ,BRAZIL
al cai m@et uc. puc-rio. br

— Authenticationfor businesgransactionsasa tool to
preventfraudin: shoppingovertelephonegreditcard
validation transactionsverinternetbankoperations,
etc.

— Law enforcement:penitentiarymonitoring, forensic
applicationsegtc.

— Helpto handicapped.

— Military use:classifiednformationrequiringspealer
identification.

The speeclhfor securitypurposecanbe usedwith other
validation devices suchas magneticcardsand passverds.
In thefuture, moreandmoreapplicationswill includeman
machineiteration: speectoperatedeviceswill controlthe
soundandtheillumination of publicernvironmentsandcars,
andvoice activatede-mailis expectedto be usedby every-
one.

Spealer verificationis the taskof verifying if a speech
signal(elocution)belongsor notto a certainpersonwhich
meansa binary decision. The decisionsare carriedout in
the so-calledspealersopenset[2] becausehe recognition
is donein an unknavn spealers set (possibleimpostors).
As to text dependenyg, recognitioncanbe dependenbr in-
dependent.Systemsdemandinga pre-determinedvord or
phrasearetext dependent.Suchsystemscan offer precise
andreliable comparisondetweentwo speechsignalswith
the sametext, in phoneticallysimilar environments requir
ing only 2 to 3 second®f speecHor trainingandtesting.In
text independensystemssuchcomparisonsrenotsoeasy
to be obtained.The performancalecreaseascomparedo
text dependeng. Moreover, in orderto obtainreasonable
statisticsof thesignal,it is, in generalnecessarjrom 10 to
30 second®f speectsignalfor trainingandtesting([3].

In spealer recognition, the GaussianMixture Model
(GMM) canbeseenasahybrid betweertwo effective mod-
elsusedin spealerrecognition:anunimodalGaussiartlas-
sifier and a vector quantization(VQ) codebook[4]. This
schemecombinesthe robustnessand smoothingproperties



of the parametridGaussiamimmodelwith thearbitrarymodel-
ing capabilityof anon-parametri&/Q. The GMM performs
the spatialseparatiorof acousticclassesandits main dif-
ferencecomparingto VQ concernghe fact that distances
arenot usedto separatelassesut probabilitiesfrom a set
of Gaussiarprobability density functions previously esti-
mated. The GMM canalsobe understoocasan only state
HMM (HiddenMarkov Model) [5], having asobsenations
mixturesof GaussiarPDFs(probability densityfunctions).
Thesecomponentsnay modelavastphoneticclassto char
acterizethesoundproducedy aperson6]. Thisfactjusti-
fiesits usein spealer recognition.

This paperis organizedas follows. In Section2, the
GMM is reviewed. Section3 containsdetailsof the system
configurationfollowed by simulationresultsin Section4,
andconclusionsn Section5.

2. THE GAUSSIAN MIXTURE MODEL

A mixture of Gaussiarprobability densitiesis a weighted
sumof M densitiesasdepictedn Fig. 1, andis givenby

M
p(Z|A) = Zpibi(f) 1)
i=1

whereZ is a randomvector of dimensionD, b;(Z), ¢ =
1, ..., M, arethedensitycomponentsandp;, i = 1, ..., M,
arethe mixturesweights. Eachcomponentdensityis a D
variateGaussiariunctionof theform

o(—3@—0) K (3-i))
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with meanvectorji; andcovariancematrix K ;.
Notethattheweightingof themixturessatisfyS M, p; =
1. ThecompleteGaussiamixture densityis parameterized
by a vector of means,covariancematrix, and a weighted
mixture of all componentdensities(A model). Thesepa-
rametersarejointly representetdy thefollowing notation.

bi(%) =

(2)

A= {pijii, Ki}  i=1,..,M. (3)

The GMM can have differentforms dependingon the
choice of the covariancematrix. The model can have a
covariancematrix per Gaussiarcomponengsindicatedin
(3) (nodalcovariance) a covariancematrix for all Gaussian
componentdor a given model(grandcovariance),or only
onecovariancematrix sharedby all models(global covari-
ance).A covariancematrix canalsobe completeor diago-
nal [2].

SinceGaussiatomponentgointly actto modeltheprob-
ability densityfunction, the completecovariancematrix is

p(XIN)
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Fig. 1. M probabilitydensitieforminga GMM.

usuallynot necessaryEvenbeingtheinput vectorsnot sta-
tistically independentthe linear combinationof the diago-
nal covariancematricesin the GMM is ableto modelthe
correlationbetweerthe givenvectors.The effect of usinga
setof M completecovariancematricescanbe equallyob-
tainedby usingalargersetof diagonalcovariancematrices
[6].

For asetof trainingdatatheestimatiorof themaximum
likelihoodis necessaryin otherwords,this estimatiortries
to find the model parametershat maximizethe likelihood
of the GMM, Thealgorithmpresentedn [4] is widely used
for this task. For a sequenc®f independent” vectorsfor
training X = {#y, ..., Zr}, thelikelihoodof the GMM is
givenby

T

p(X|\) = [ p(&» 4)

t=1

Thelikelihoodfor modelingatrue spealer(model)) is
directly calculatedhrough

T
togp(X|X) = 7= 3" log (@l (5)
t=1

Thescalefactor% is usedin orderto normalizethelik e-
lihood accordingo thedurationof theelocution(numberof
featurevectors). The last equationcorrespondso the nor-
malizedlogarithmiclikelihoodwhich is the A model’s re-
sponse.

The spealer verificationsystemrequiresa binary deci-
sion,acceptingor rejectinga pretensespealer. Sucha sys-
temis representeth Fig. 2

Thesystemusestwo modelswhich provide thenormal-
ized logarithmic likelihood with input vectors %, ..., Zr,
one from the pretensespealer and anotherone trying to
minimize the variationsnot relatedto the spealer (back-
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Fig. 2. Spealer verificationsystemusingGMM.

ground model), providing a more stabledecisionthresh-
old [2]. If the systemoutputvalue (differencebetweenthe
two likelihood)is higherthanagiventhreshold thespealer
is acceptedotherwisat is rejected.Thebackgrounds built

with a hypotheticalset of falsespealers and modeledvia
GMM (universalbackgroundnodel[7]). The thresholdis

calculatedon the basisof experimentakesults.

3. SYSTEM CONFIGURATION

This sectiondetailsthe spealer verificationsystemimple-
mentedin our experiments. We have used36 spealers,
23 malesand 13 females,from which 5 males(M) and
5 females(F) were selectedexclusively to form the back-
groundand,therefore did not participatein thetests.Each
spealerread200 phrasesin BrazilianPortuguesegxtracted
from [8]. We have used15 mel-cepstruntoeficients[9] —
exceptin one experimentwhere12 coeficientswere used
in orderto evaluatethe performanceof a lower numberof
features— andthe silencebetweernwordswereeliminated.
Thenumberof Gaussiansvere32, 16, and8. We have used
60, 30, and10s of speectsignalfor trainingand30, 10, and
3s for testing. Eachbackgroundspealer contributed with
6 secondf speech(without silence). The settingof the
decisionthresholdvasestablishedh orderto equallymini-
mizetheerrorratebetweerfalseacceptance FA (to accept
someonavhichdoesnotcorrespondo thetruespealer) and
falserejection— FR (to rejectsomeonevhich corresponds
to thetrue spealer). This procedureesultedn anequaler-
ror rate (EER) [2] which in our caseis assumedo be the
meanbetweerthetwo errors.

4. SSIMULATION RESULTS

In the first experimentevaluatedthe role of the numberof
mel-cepstruntoeficients(MCC) from 15 to 12 — areduc-
tion of 3 coeficients— usinga 32 GaussiansGMM and
60 secondsf training. Theresultscanbe seenin Table 1
for 30, 10, and3 second®f testing. In this section,all the
results(errorrates)aregivenin %.

We note that the performanceof the MCC15 is supe-
rior to theMCC12for 30 and3 second®f testing. For the

Table 1. Performancef the GMM with areductionin the
dimensionof thefeaturevectot

MCC15 MCC12
Test FR A ERR | FR A ERR
30s 0 0 0 0 0.38 | 0.19
10s 038 | 051 | 044 | 026 | 051 | 0.38
3s 119 | 158 | 1.38 | 219 | 142 | 1.80

caseof 10s, MCC12wasslightly superior Theseresultsin-
dicatethatthe 3 additionalcoeficientsusedin theMCC15
hold informationaboutthespealer which shouldnotbedis-
regarded.In view of resultsobtainedso far, the following
testswerecarriedoutwith MCC15.

The resultsfor 60s of training varying the numberof
Gaussiansanbeseenin Table2.

Table 2. Variationof the numberof Gaussiarwith 60s of
training.

326G 16G 8G
Test FRTFA TERR FR [ FA [ ERR FR | FA | ERR
30s |0 |0 |0 |o077 038 057 2.38 0.38] 1.35
10s | 0.38| 0.51] 0.44] 0.38| 0.77| 0.57] 1.92| 1.67] 1.79
3s 1.19] 1.58| 1.38] 1.65| 2.23| 1.94| 3.54| 3.62| 3.58

We canobsene thatwith 32 Gaussiangind30s of test
speechthe systemprovidesan excellentresult. Reducing
thetime for testingor the numberof Gaussiansvill causea
decreasén the systemperformanceOf coursethereexists
a tradeoff betweenthe amountof time for testingandthe
numberof Gaussianskor instancewhen32 Gaussiansnd
3s of testareused,the ERR performanceés comparabldo
asystememploying 8 Gaussianand30s of testing.

The resultsfor 30s of training varying the numberof
Gaussiansanbeseenin Table3.

Table 3. Variationof the numberof Gaussiarwith 30s of
training.

326G 16G 8G
Test FRTFA TERR FR [ FA | ERR FR | FA | ERR
30s | 0.38] 1.92| 1.15] 3.08| 2.69| 2.88| 5.38| 4.62| 5.00
10s | 1.41| 1.54] 1.47| 3.21| 3.46| 3.33| 6.15| 4.49] 532
3s 2.50] 3.50] 3.00] 2.88| 5.92| 4.40| 6.42| 6.88| 6.65

Again, larger numberof Gaussiansndamountof time
usedfor testingimprove the systemperformance.In this
casethedecreasén the numberof Gaussiansignificantly
reduceshe performance.Note that, independentlyof the
timefor testing thesystenmwith 8 Gaussiandoesnotachieve
the performancef the otherones.

The resultsfor 10s of training varying the numberof
Gaussiansanbeseenin Table4.

In Table4, we seethatwhenthereis notenoughamount
of informationfor training,neitherthenumberof Gaussians
northetime of testingcompensatéor this lack of statistics.



Table 4. Variationof the numberof Gaussiarwith 10sof
training.

326G 16G 8G

Test —FR TFA TERR FR | FA | ERR FR | FA | ERR
10s | 4.10| 4.74| 4.42| 4.49| 5.26| 4.87| 3.59| 5.00| 4.74
3s 6.15| 7.62| 6.88] 6.00| 7.73| 6.86| 7.15| 7.19| 7.17

Throughoutthe analysisof the resultspresentechere,
we can clearly note that the numberof Gaussiandasa
stronginfluencein theperformanceThehigherthisnumber
the betterthe modelingobtainedby the GMM and, there-
fore, the betterthe resultswill be. The amountof time
for training andfor testingalsohave a stronginfluencefor
thelargerthey arethe morestatisticsthey are offering and,
consequentlythe more precisethe modelingcarriedout by
the GMM will be. Whenthe statisticsprovidedto train the
GMM s poor, the numberof Gaussiansloesnot influence
the responsébecausehereis no datafor a more precise
modeling,ascanbeobsenedin Table4.

5. CONCLUSIONS

This papermprovideda performancevaluationof the model
parametersisedin atext independenBrazilian Portuguese
spealer verification systemusing GMM. Suchparameters
werethe numberof Gaussiardensitiesand the amountof
time usedin training and testing. Simulationswere car
ried out with a reducedcorpusandthe resultshave shavn
the efficiencgy of the method(equalerror rate- EER - ba-
sically equalto 0%) for cleanspeechwith a minimum of
32 Gaussiansf0 secondsof training, and 30 secondof
testingspeechsignals. Moreover, it wasobsened that for
smalltime of training speechge.g. 10 secondsthe number
of Gaussiansvas not very important. It was verified that
whenthe training time is long (60s), a smallernumberof
Gaussiansvith a larger testingtime yields a performance
comparabldo a systemusingalargernumberof Gaussians
with shortertestingtime.

Themainpurposeof this work wasa basicintroduction
to efficient text independenspealer verificationthat shall
be usedasa first stepto a morein depthinvestigationcon-
cerningthe improvementof this techniquein orderto in-
creasethe robustnessof the recognitionsystemfor harder
andrealisticconditionssuchassmallamountof speectand
degradationby channelandadditive noise.
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