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ABSTRACT

This papermpresents performancevaluationof two classi-
fication systemsfor text independenspealer verification:
the GaussianMixture Model (GMM) and the AR-Vector
Model. For the GMM, 32, 16, and8 Gaussiansre eval-

uated.Ontheotherhand,anorder2 modelwith theltakura
symmetricdistancewvasusedfor the AR-Vector Both clas-
sification systemspresentedno errors when training and
testing times were not smallerthan 60s and 30s, respec-
tively. Using 10s asthe testtime, the mostaccurateclas-
sificationsystemserrorswerebetweern).4 and3.3%. With

3s test, the errorspresentedoy the GMM were around6

to 7% whereaghosefor the AR-Vectorwere above 10%.

However, the bestresultsusing 10sastestingandtraining

timeswereobtainedwith the AR-Vector, with errorsaround
3.2%.

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
form to supplyagrowing needof providing authenticityand
privagy in theworldwide communicatiomets[1].
Researchn the areaof spealer recognitionhassignif-
icantly grown over the lastfew yearsdueto a vastareaof
applicationsvheretherecognitioncanbeusedsuchas

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

— Authenticationfor businesgransactionsasa tool to
preventfraudin: shoppingovertelephonegreditcard
validation transactionsverinternetbankoperations,
etc.
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— Law enforcement:penitentiarymonitoring, forensic
applicationsegtc.

— Helpto handicapped.

— Military use:classifiednformationrequiringspealer
identification.

Spealer verificationis the task of verifying if a speech
signal(utterancepelongsor 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 predeterminedvord or
phrasearetext dependent.Suchsystemscanoffer precise
andreliable comparisondetweentwo speechsignalswith
the sametext, in phoneticallysimilar environments requir
ing only 2 to 3 second®f speectior 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-
els: a unimodalGaussiarclassifierand a vector quantiza-
tion (VQ) codebook[4]. This schemecombinesthe ro-
bustnessaandsmoothingpropertiesof the parametricGaus-
sianmodelwith the arbitrarymodelingcapabilityof a non-
parametricvQ. The GMM performsthe spatialseparation
of acousticclassesand its main differencecomparingto
VQ concernghefactthatdistancesrenot usedto separate
classeshut probabilitiesfrom a setof Gaussiarnprobabil-
ity densityfunctionspreviously estimated.The GMM can
alsobeunderstoodisa singlestateHMM (HiddenMarkov
Model) [5], having as obsenations mixtures of Gaussian
PDFs (probability density functions). Thesecomponents
may modela vastphoneticclassto characterizehe sound



producedy apersor[6]. Thisfactjustifiesits usein spealer
recognition.

TheAR-Vector—AR from Auto-R@ressive—isamodel
capableof capturinginformationaboutthe dynamicsof the
speecHor agivenspealerwhichisinterpretecasthespealer
articulatorycapacityor, in otherwords,the way he speaks
astime goeshy [7]. Thisis anextensionof amodelwidely
known in speechprocessingthe Linear PredictionCoefi-
cients(LPC). Whilst LPC is basedon the linear regression
overscalarsAR-Vectoris basedn theregressioroverfea-
ture vectors. In spealer recognitionapplications the AR-
Vector usesa distancemeasurein orderto comparetwo
models.For this measurethe so-calledtakuradistancd8]
is usuallyemployed.

This paperis organizedas follows. In Section2, the
GMM is reviewed. The AR-Vectoris describedin Sec-
tion 3.. Section4 containsdetailsof the systemconsifgu-
ration andis followed by simulationresultsin Section5,
andconclusionsn Section6.

2. THE GAUSSIAN MIXTURE MODEL

A mixture of Gaussiarprobability densitiesis a weighted
sumof M densitiesandis givenby

M
PEN) =Y pibi(#) 1)
i1

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

@ o(—3 @) K (3-00)) @
bi(¥) = 2
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with meanvectorji; andcovariancematrix K ;.
Notethattheweightingof themixturessatisfies£ 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:

A= {pza ﬁi: Kz}

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
componentgor a given model(grandcovariance),or only
onecovariancematrix sharedby all models(global covari-
ance).A covariancematrix canalsobe completeor diago-
nal[2].

i=1,.., M. 3)

For asetof trainingdatatheestimatiorof themaximum
likelihoodis necessaryin otherwords,this estimatiortries
to find themodelparameterthatmaximizethelik elihoodof
theGMM, Thealgorithmpresentedh [4] is widely usedfor
this task. For asequencef T independentraining vectors
X ={#,...,Zr}, thelikelihoodof the GMM is givenby

T

p(X ) =[] p@: 4)

t=1

Thelikelihoodfor modelingatrue spealer (model)) is
directly calculatedhrough

T
logp(X|X) = 7 > logp(Z|) (5)
t=1

Thescalefactor% is usedin orderto normalizethelik e-
lihood accordingo thedurationof the utterancénumberof
featurevectors). The last equationcorrespondso the nor-
malizedlogarithmiclikelihood which is the A model’s re-
sponse.

The spealer verificationsystemrequiresa binary deci-
sion,acceptingor rejectinga pretensespealer. Sucha sys-
temis representeth Fig. 1

Pretense Speaker
Model \
*

A(X) > e Accept

Background Model

AX) < 0 Reject
Fig. 1. Spealer verificationsystemusingGMM.

The systemusestwo modelswhich provide the normal-
ized logarithmic likelihood with input vectors#y, ..., Z,
one from the pretensespealer and anotherone trying to
minimize the variationsnot relatedto the spealer (back-
ground model), providing a more stabledecisionthresh-
old [2]. If the systemoutputvalue (differencebetweerthe
two lik elihood)is higherthanagiventhreshold? thespealer
is acceptedptherwiset is rejected.Thebackgrounds built
with a hypotheticalset of false spealers and modeledvia
GMM (universalbackgroundnodel[9]). The thresholdis
calculatedon the basisof experimentaresults.

3. AR-VECTOR

Thebasicideabehindlinearpredictionis thata speeclsam-
ple canbe approximatedy alinear combinationof p past
samples.LPC is calculatedfrom the samplesof a numeri-
cal sequencépiecesof speech). The AR-Vectoris actually



an extensionof the LPC in the sensethat it carriesout a
predictionamongvectors(not samples)modelingthe time
evolving of thevectors.

Theorderp AR-Vectormodelfor a sequencef N vec-
torsof dimensiorm, in time domain,is givenby:

P
X, = z Achn—k: +E, (6)
k=1

whereX,, and E,, arem dimensionvectors,with E repre-
sentingthelinearpredictionerror, and 4, beingthem x m
predictionmatrix. Thesetof predictionmatricescanberep-
resented by a m x (p + 1) matrix
A = [Ao A A, Ap], with AO =171 (identity
matrix).

FromvectorsX,,, we candefinean estimateof the au-
tocorrelationmatrix:

N—k
Ry =) X, X[, (7)

n=0

whereN is the numberof vectorsX. Notethat R, results
inam x m matrix.

Ay, areobtainedby solving the following setof equa-
tions.

R, RT RT | A R,

Ry R Ry,_» A | | B

R,.i Rp_n ... Ry A4, R,
8

From the previous equation,if we definethe Toeplitz
autocorrelatiormatrix as R, the coeficient matrix as A,
andthe autocorrelatiormatrix on the right-handsideasR,
we have:

RA=R = A=R R 9)

OnceR is aToeplitzmatrix,awell known computation-
ally efficientalgorithm(the Levinson-Durbinrecursioncan
be usedto solve the setof equationg10].

The utilization of the AR-Vectorin spealer recognition
requiresthe use of somemeasureto evaluatethe similar-
ity betweertwo autorgressve models.A widely useddis-
tancemeasurés the ltakuradistancq8] which providesthe
distancebetweentwo all-polesLPC'’s basedon the linear
predictioncoeficientsandon the autocorrelatiommatrix.

The useof the Itakuradistancewith the AR-Vectoris
presentedn [7]. Assuminga storedmodel A previously
estimatedrom a givenspealer anda modelB from a pre-
tensespealer, threedistancemeasuredetweenthesetwo
modelaredefinedfor their respectie autocorrelatiormatri-
ces.Thesemeasuresre:

1. Distancefrom B to A

_ ARgpAT
2. Distancefrom A to B:
_ BRABT
3. SymmetricDistance:
1
dgim = §(d(B,A) + d(A,B)) (12)

The spealer verification systemprovidesa binary out-
put, acceptancer rejectionof a pretensespealer. Hence,
anestimationof athreshold, basedn trueandfalseutter
ancesjs required.This thresholds estimatedvith thetrue
distancesi.e., the two modelsundercomparisorare from
the sameperson,andwith the falsedistanceggivenby the
pretensespealer modelcomparedo the othermodelsnot
belongingto him.

Fromthesedistancesthe thresholdis estimatedaking
into accountfalseacceptancerrorsandfalserejectioner-
rors. Whenaspealeris to beanalyzedhewill beaccepted
if theresultingdistances lower thanthethreshold.He will
berejectedotherwise.Fig. 2 presentshe AR-Vectorverifi-
cationsystem.

Pretense Speaker
A

A 4

Itakura Distance — d
A
d <0 Accept
Verification )
Speaker d > 6 Reject
B

Fig. 2. AR-VectorSpealer VerificationSystem.
The autorg@ressie model producesa smoothedmnodel

of theevolving featurescapturinginformationfrom thedy-
namicsof the spealer.

4. SYSTEM CONFIGURATION

This sectiondetailsthe spealer verification systemimple-
mentedin our experiments.We have used36 spealers,23



malesand 13 females,from which 5 males(M) and5 fe-
males(F) wereselectedxclusively to form thebackground
and,thereforedid not participatein thetests.Eachspealer
uttered200 sentencesin Brazilian Portuguesegxtracted
from [11]. We haveusedl5 Mel-cepstruncoeficients[12],
with 20ms windows and50% overlapping.Thesilencebe-
tweenwords were eliminated. The numberof Gaussians
were 32, 16, and 8. In the order2 AR-Vector we have
usedthe symmetricltakura distancebecauseprevious ex-
perimentshave shown its betterperformancéor this con-
figuration. We have used60, 30, and10s of speectsignal
for trainingand30, 10, and3s for testing.Eachbackground
spealer contributedwith 6 secondf speech(without si-
lence).Thesettingof thedecisionthresholdvasestablished
in orderto equally minimize the error rate betweenfalse
acceptance—#A (to acceptsomeonevhich doesnot corre-
spondto thetrue spealer)—andfalserejection—FR(to re-
ject someonenhich correspondso the true spealer). This
procedureesultedn anequalerrorrate(EER)measurg2].

5. SSIMULATION RESULTS

The resultsobtainedwith the GMM, varying the number
of Gaussiansare comparedwith the resultsobtainedwith
theorder2 AR-Vector usingsymmetricaltakuradistance.
Thereasorfor thischoiceis dueto thefactthatwe haverun
experimentswith orders2 to 5 andobtainedsimilar results;
order2 waschoserfor its lower computationatomplexity.

Table 1. Performancd&esultsGMM x AR-Vector, for 60s
of training.

System testsresults(% )
30s | 10s 3s
EER | EER | EER
GMM -32G 0 0.44 | 1.38
GMM -16G | 0.50 | 0.53 | 2.03
GMM-8G | 1.34 | 192 | 359

AR-Vector 0 1.22 | 10.00

The resultswith 60s of training are shavn in Table 1.
From this table we seethat, for 30s test, the AR-Vectors
resultswere superiorthanthe GMM'’s resultswith 16 and
8 GaussiansFor 10s test, neverthelessthe AR-Vectorre-
sultedsuperiorwith respecbnly to the8 Gaussian&MM.
In this casethe AR-VectoryieldsanEERmorethandouble
of the oneobtainedwith the GMM using32 and 16 Gaus-
sians.Finally, with 3s test,the AR-Vectorpresenteéresult
muchworserthanthe GMM.

Table2 presentsheresultsfor a30s trainingtime.

In Table 2 the AR-Vectorovercamethe GMM for 30s
test,presentingio errors.With 10s test,the AR-Vectorpre-
sentedsuperiorresultsthanthe 16 and8 Gaussian&MM,
andis closeto the resultsof the GMM with 32 Gaussians.

Table 2. Performancd&esultsGMM x AR-Vector, for 30s
of training.

System testsresults(% )
30s 10s 3s
EER | EER | EER
GMM-32G | 153 | 1.54 | 3.08
GMM -16G | 3.08 | 3.30 | 4.85
GMM-8G | 460 | 530 | 6.80

AR-Vector 0 1.60 | 10.25

With 3s test, the AR-Vector presentecerrorsaround10%
againstthe 3% to 7% of the GMM.

In Table3 wefind theresultsfor thelowertrainingtime,
correspondingdo the worsterrorsof the classificationsys-
tems.

Table 3. Performancé&esultsGMM x AR-Vector, for 10s
of training.

System testsresults(% )
10s 3s
EER EER
GMM -32G | 457 7.25
GMM -16G | 4.87 7.00
GMM-8G | 5.25 7.17

AR-Vector 3.2 11.85

Whenthetrainingtimeis 10s, theGMM—independently
of the numberof Gaussians—yieldsesultswhich arevery
closeto eachother The AR-Vectorachieved betterresults
only for the 10s testcase(errorsl to 2% lower).

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 and for testingalso have a stronginfluence. The
largerthey are themorestatisticghey areofferingand,con-
sequentlythe moreprecisethe modelingcarriedout by the
GMM andAR-Vectorwill be. Whenthe statisticsprovided
totrainthe GMM is poor, thenumberof Gaussiansloesnot
influencethe responsédecausdhereis no datafor a more
precisemodeling,ascanbe obsenedin Table3. Thesame
is valid for the AR-Vectorwhichis not ableto offer anade-
gquatemodelingwhenonly 3s of datais availablefor testing.

6. CONCLUSIONS

This papercompareadhe performancesf the GMM versus
theAR-Vectormodelsfor text independenspealerverifica-
tion. Theresultshave shavn theefficiency of bothschemes
for differenttimesof training andtestingaswell asfor dif-
ferentnumberof Gaussianén the GMM. Basedon there-
sultsavailablein this paperwe canconcludethat:
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(2]
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e Thebestperformancéno errors)with thelowercom-
putationalcompleity wasobtainedby the AR-Vector
procedurawith 30s for trainingandtesting.

e Thebestperformancdor thelowesttestingtimes(10
and 3s) was obtainedwith the 32 Gaussian$sMM,
with 60 and30s of training,andwith errorsfrom 0.5
to 3%. Yetfor 60s training,the GMM with 16 Gaus-
sianspresentecerrorsfrom 0.5 to 2%, overcoming
the AR-Vector

e The bestperformancewith the lowesttime of train-
ing andtestcorrespondetb the AR-Vectorwith 10s
trainingandtesting—witherrorsaround3.2%.
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