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ABSTRACT

Thispaperpresentsa performanceevaluationof two classi-
fication systemsfor text independentspeaker verification:
the GaussianMixture Model (GMM) and the AR-Vector
Model. For the GMM, ��� , 	�
 , and � Gaussiansareeval-
uated.On theotherhand,anorder � modelwith theItakura
symmetricdistancewasusedfor theAR-Vector. Both clas-
sification systemspresentedno errors when training and
testing times were not smaller than 
�
 s and ��
 s, respec-
tively. Using 	�
 s asthe test time, the mostaccurateclas-
sificationsystemserrorswerebetween
�� � and ��� � %. With� s test, the errorspresentedby the GMM were around 

to � % whereasthosefor the AR-Vectorwereabove 	�
 %.
However, the bestresultsusing10sastestingandtraining
timeswereobtainedwith theAR-Vector, with errorsaround����� %.

1. INTRODUCTION

Therecognitionof a humanbeingthroughhis voice is one
of the simplestforms of automaticrecognitionbecauseit
usesbiometric characteristicswhich comefrom a natural
action,thespeech.Speech,beingpresenteverywherefrom
telephonenetsto personalcomputers,maybe thecheapest
form to supplyagrowingneedof providingauthenticityand
privacy in theworldwidecommunicationnets[1].

Researchin the areaof speaker recognitionhassignif-
icantly grown over the last few yearsdueto a vastareaof
applicationswheretherecognitioncanbeusedsuchas

– Accesscontrol: to devices,networks,anddatain gen-
eral;

– Authenticationfor businesstransactionsasa tool to
preventfraudin: shoppingovertelephone,creditcard
validation,transactionsoverInternet,bankoperations,
etc.�
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– Law enforcement:penitentiarymonitoring, forensic
applications,etc.

– Help to handicapped.

– Military use:classifiedinformationrequiringspeaker
identification.

Speaker verificationis the taskof verifying if a speech
signal(utterance)belongsor not to a certainperson,which
meansa binary decision. The decisionsarecarriedout in
theso-calledspeakersopenset[2] becausetherecognition
is donein an unknown speakers set (possibleimpostors).
As to text dependency, recognitioncanbedependentor in-
dependent.Systemsdemandinga predeterminedword or
phrasearetext dependent.Suchsystemscanoffer precise
andreliablecomparisonsbetweentwo speechsignalswith
thesametext, in phoneticallysimilar environments,requir-
ing only � to � secondsof speechfor trainingandtesting.In
text independentsystems,suchcomparisonsarenotsoeasy
to beobtained.Theperformancedecreasesascomparedto
text dependency. Moreover, in order to obtain reasonable
statisticsof thesignal,it is, in general,necessaryfrom 	�
 to��
 secondsof speechsignalfor trainingandtesting[3].

In speaker recognition, the GaussianMixture Model
(GMM) canbeseenasahybridbetweentwo effectivemod-
els: a unimodalGaussianclassifieranda vectorquantiza-
tion (VQ) codebook[4]. This schemecombinesthe ro-
bustnessandsmoothingpropertiesof theparametricGaus-
sianmodelwith thearbitrarymodelingcapabilityof a non-
parametricVQ. The GMM performsthe spatialseparation
of acousticclassesand its main differencecomparingto
VQ concernsthefactthatdistancesarenot usedto separate
classesbut probabilitiesfrom a set of Gaussianprobabil-
ity densityfunctionspreviously estimated.The GMM can
alsobeunderstoodasa singlestateHMM (HiddenMarkov
Model) [5], having as observationsmixturesof Gaussian
PDFs (probability density functions). Thesecomponents
may modela vastphoneticclassto characterizethe sound



producedbyaperson[6]. Thisfactjustifiesitsusein speaker
recognition.

TheAR-Vector—AR from Auto-Regressive—isamodel
capableof capturinginformationaboutthedynamicsof the
speechfor agivenspeakerwhichis interpretedasthespeaker
articulatorycapacityor, in otherwords,the way he speaks
astime goesby [7]. This is anextensionof a modelwidely
known in speechprocessing,the Linear PredictionCoeffi-
cients(LPC). Whilst LPC is basedon the linear regression
overscalars,AR-Vectoris basedon theregressionoverfea-
ture vectors. In speaker recognitionapplications,the AR-
Vector usesa distancemeasurein order to comparetwo
models.For this measure,theso-calledItakuradistance[8]
is usuallyemployed.

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

2. THE GAUSSIAN MIXTURE MODEL

A mixture of Gaussianprobability densitiesis a weighted
sumof � densities,andis givenby��������  "!$# %& ' (�) �

'+*,' ����-! (1)

where �� is a randomvector of dimension . ,

* ' ����"! , / #	�0��1�2�103� , arethedensitycomponents,and� ' , / # 	�04�2�1�205� ,
arethe mixturesweights. Eachcomponentdensityis a .
variateGaussianfunctionof theform* ' ����-!6#87 �:9<;=�>@?A 9 ?BDCFE2GIH ;J >@?A 9 ?BDC !� �DK !�L =$M � N ' � (2)

with meanvector �O ' andcovariancematrix N ' .
Notethattheweightingof themixturessatisfiesP %' (Q) � ' #	 . ThecompleteGaussianmixturedensityis parameterized

by a vector of means,covariancematrix, and a weighted
mixture of all componentdensities(  model). Thesepa-
rametersarejointly representedby thefollowing notation:

 R#TS5� ' 0 �O ' 05U ':V / # 	�04�2�2�103�W� (3)

The GMM canhave different forms dependingon the
choice of the covariancematrix. The model can have a
covariancematrix per Gaussiancomponentasindicatedin
(3) (nodalcovariance),a covariancematrix for all Gaussian
componentsfor a given model(grandcovariance),or only
onecovariancematrix sharedby all models(globalcovari-
ance).A covariancematrix canalsobecompleteor diago-
nal [2].

Forasetof trainingdata,theestimationof themaximum
likelihoodis necessary. In otherwords,this estimationtries
to find themodelparametersthatmaximizethelikelihoodof
theGMM, Thealgorithmpresentedin [4] is widely usedfor
this task.For a sequenceof X independenttrainingvectorsY #WSZ�� ) 04�2�1�20 ��"[ V , thelikelihoodof theGMM is givenby

�Q� Y �  "!6# [\] (�) �Q���� ] �  ^! (4)

Thelikelihoodfor modelinga truespeaker (model  ) is
directly calculatedthrough_1`�a �Q� Y �  "!6# 	X [& ] (�) _2`�a ������ ] �  "! (5)

Thescalefactor
)[ is usedin orderto normalizethelike-

lihoodaccordingto thedurationof theutterance(numberof
featurevectors).The last equationcorrespondsto the nor-
malizedlogarithmic likelihoodwhich is the  model’s re-
sponse.

Thespeaker verificationsystemrequiresa binarydeci-
sion,acceptingor rejectinga pretensespeaker. Sucha sys-
temis representedin Fig. 1
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Fig. 1. SpeakerverificationsystemusingGMM.

Thesystemusestwo modelswhich providethenormal-
ized logarithmic likelihood with input vectors ghZiDj4k2k1k2j gh"l ,
one from the pretensespeaker and anotherone trying to
minimize the variationsnot relatedto the speaker (back-
ground model), providing a more stabledecisionthresh-
old [2]. If thesystemoutputvalue(differencebetweenthe
two likelihood)ishigherthanagiventhresholdm thespeaker
is accepted;otherwiseit is rejected.Thebackgroundis built
with a hypotheticalsetof falsespeakersandmodeledvia
GMM (universalbackgroundmodel[9]). The thresholdis
calculatedon thebasisof experimentalresults.

3. AR-VECTOR

Thebasicideabehindlinearpredictionis thataspeechsam-
ple canbeapproximatedby a linearcombinationof n past
samples.LPC is calculatedfrom the samplesof a numeri-
cal sequence(piecesof speech).TheAR-Vectoris actually



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

Theorder� AR-Vectormodelfor a sequenceof o vec-
torsof dimensionp , in timedomain,is givenby:Yrq # s&t (�)�u t Yrq 9 t<vxw q (6)

where
Yrq

and w q are p dimensionvectors,with w repre-
sentingthelinearpredictionerror, and u t beingthe pzyrp
predictionmatrix. Thesetof predictionmatricescanberep-
resented by a p y �{� v 	 ! matrix| #~} u���u ) u�� �4����u s�� , with u�� #�� (identity
matrix).

Fromvectors
Y q

, we candefineanestimateof theau-
tocorrelationmatrix:� t #�� 9 t&q ( � Y q Y

[q�� t (7)

where o is thenumberof vectors
Y

. Note that
� t results

in a p�yRp matrix.u t areobtainedby solving the following setof equa-
tions.�
����

� � � [ ) ���4� � [s 9 )� ) � � ���4� � s 9 �...
...

. . .
...� s 9 ) � s 9 � ���4� � �

�4����
�
���� u )u �...u s

�4���� #
�
����
� )� �...� s

�4����
(8)

From the previous equation,if we definethe Toeplitz
autocorrelationmatrix as � , the coefficient matrix as

|
,

andtheautocorrelationmatrix on the right-handsideas � ,
we have:� | # � � | # � 9 ) � (9)

Once� is aToeplitzmatrix,awell knowncomputation-
ally efficientalgorithm(theLevinson-Durbinrecursion)can
beusedto solve thesetof equations[10].

Theutilization of theAR-Vectorin speaker recognition
requiresthe useof somemeasureto evaluatethe similar-
ity betweentwo autoregressivemodels.A widely useddis-
tancemeasureis theItakuradistance[8] whichprovidesthe
distancebetweentwo all-polesLPC’s basedon the linear
predictioncoefficientsandon theautocorrelationmatrix.

The useof the Itakuradistancewith the AR-Vector is
presentedin [7]. Assuminga storedmodel

|
previously

estimatedfrom a givenspeaker anda model � from a pre-
tensespeaker, threedistancemeasuresbetweenthesetwo
modelaredefinedfor their respectiveautocorrelationmatri-
ces.Thesemeasuresare:

1. Distancefrom � to
|

:� � �R0 | !6# _2`�a �����Q� | �R� | [��� � � [¡  ! (10)

2. Distancefrom
|

to � :� � | 0�� !6# _2`�a �����Q� ���R¢<� [| � ¢ | [�  ! (11)

3. SymmetricDistance:��£F¤ ¥ # 	� � � � �R0 | ! v � � | 0�� !¦! (12)

The speaker verificationsystemprovidesa binary out-
put, acceptanceor rejectionof a pretensespeaker. Hence,
anestimationof a threshold§ , basedon trueandfalseutter-
ances,is required.This thresholdis estimatedwith the true
distances, i.e., the two modelsundercomparisonarefrom
the sameperson,andwith the falsedistancesgivenby the
pretensespeaker modelcomparedto the othermodelsnot
belongingto him.

Fromthesedistances,the thresholdis estimatedtaking
into accountfalseacceptanceerrorsandfalserejectioner-
rors. Whena speaker is to beanalyzed,hewill beaccepted
if theresultingdistanceis lower thanthethreshold.He will
berejectedotherwise.Fig. 2 presentstheAR-Vectorverifi-
cationsystem.
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Fig. 2. AR-VectorSpeakerVerificationSystem.

The autoregressive modelproducesa smoothedmodel
of theevolving features,capturinginformationfrom thedy-
namicsof thespeaker.

4. SYSTEM CONFIGURATION

This sectiondetailsthe speaker verificationsystemimple-
mentedin our experiments.We have used ��
 speakers, ���



malesand 	�� females,from which © males(M) and © fe-
males(F) wereselectedexclusively to form thebackground
and,therefore,did not participatein thetests.Eachspeaker
uttered ��
�
 sentences,in Brazilian Portuguese,extracted
from [11]. Wehaveused	�© Mel-cepstrumcoefficients[12],
with ��
�p«ª windowsand ©�
�¬ overlapping.Thesilencebe-
tweenwords were eliminated. The numberof Gaussians
were ��� , 	�
 , and � . In the order � AR-Vector, we have
usedthe symmetricItakuradistancebecauseprevious ex-
perimentshave shown its betterperformancefor this con-
figuration. We have used 
�
 , ��
 , and 	�
�ª of speechsignal
for trainingand ��
 , 	�
 , and ��ª for testing.Eachbackground
speaker contributedwith 
 secondsof speech(without si-
lence).Thesettingof thedecisionthresholdwasestablished
in order to equally minimize the error rate betweenfalse
acceptance—FA (to acceptsomeonewhich doesnot corre-
spondto thetruespeaker)—andfalserejection—FR(to re-
ject someonewhich correspondsto the truespeaker). This
procedureresultedin anequalerrorrate(EER)measure[2].

5. SIMULATION RESULTS

The resultsobtainedwith the GMM, varying the number
of Gaussians,arecomparedwith the resultsobtainedwith
theorder � AR-Vector, usingsymmetricalItakuradistance.
Thereasonfor thischoiceis dueto thefactthatwehaverun
experimentswith orders� to © andobtainedsimilar results;
order � waschosenfor its lowercomputationalcomplexity.

Table 1. PerformanceResults,GMM y AR-Vector, for 
�
�ª
of training.

System testsresults(% )
30s 10s 3s
EER EER EER

GMM - 32 G 0 0.44 1.38
GMM - 16 G 0.50 0.53 2.03
GMM - 8 G 1.34 1.92 3.59
AR-Vector 0 1.22 10.00

The resultswith 
�
�ª of training areshown in Table1.
From this tablewe seethat, for ��
�ª test, the AR-Vector’s
resultsweresuperiorthanthe GMM’s resultswith 	�
 and� Gaussians.For 	�
�ª test,nevertheless,the AR-Vectorre-
sultedsuperiorwith respectonly to the � GaussiansGMM.
In thiscase,theAR-VectoryieldsanEERmorethandouble
of the oneobtainedwith the GMM using ��� and 	�
 Gaus-
sians.Finally, with ��ª test,theAR-Vectorpresentedaresult
muchworserthantheGMM.

Table2 presentstheresultsfor a ��
�ª trainingtime.
In Table2 the AR-Vectorovercamethe GMM for ��
�ª

test,presentingnoerrors.With 	�
�ª test,theAR-Vectorpre-
sentedsuperiorresultsthanthe 	�
 and � GaussiansGMM,
andis closeto the resultsof the GMM with ��� Gaussians.

Table 2. PerformanceResults,GMM y AR-Vector, for ��
�ª
of training.

System testsresults(% )
30s 10s 3s
EER EER EER

GMM - 32G 1.53 1.54 3.08
GMM - 16G 3.08 3.30 4.85
GMM - 8 G 4.60 5.30 6.80
AR-Vector 0 1.60 10.25

With ��ª test, the AR-Vectorpresentederrorsaround 	�
 %
againstthe � % to � % of theGMM.

In Table3 wefind theresultsfor thelowertrainingtime,
correspondingto the worst errorsof the classificationsys-
tems.

Table 3. PerformanceResults,GMM y AR-Vector, for 	�
�ª
of training.

System testsresults(% )
10s 3s
EER EER

GMM - 32G 4.57 7.25
GMM - 16G 4.87 7.00
GMM - 8 G 5.25 7.17
AR-Vector 3.2 11.85

Whenthetrainingtimeis 	�
�ª , theGMM—independently
of thenumberof Gaussians—yieldsresultswhich arevery
closeto eachother. TheAR-Vectorachievedbetterresults
only for the 	�
�ª testcase(errors 	 to � % lower).

Throughoutthe analysisof the resultspresentedhere,
we can clearly note that the numberof Gaussianshas a
stronginfluencein theperformance.Thehigherthisnumber
the betterthe modelingobtainedby the GMM and,there-
fore, thebetterthe resultswill be. Theamountof time for
training and for testingalso have a stronginfluence. The
largerthey are,themorestatisticsthey areofferingand,con-
sequently, themoreprecisethemodelingcarriedout by the
GMM andAR-Vectorwill be. Whenthestatisticsprovided
to train theGMM is poor, thenumberof Gaussiansdoesnot
influencethe responsebecausethereis no datafor a more
precisemodeling,ascanbeobservedin Table3. Thesame
is valid for theAR-Vectorwhich is not ableto offer anade-
quatemodelingwhenonly ��ª of datais availablefor testing.

6. CONCLUSIONS

This papercomparedtheperformancesof theGMM versus
theAR-Vectormodelsfor text independentspeakerverifica-
tion. Theresultshaveshown theefficiency of bothschemes
for differenttimesof trainingandtestingaswell asfor dif-
ferentnumberof Gaussiansin theGMM. Basedon there-
sultsavailablein thispaper, wecanconcludethat:



­ Thebestperformance(noerrors)with thelowercom-
putationalcomplexity wasobtainedby theAR-Vector
procedurewith ��
�ª for trainingandtesting.­ Thebestperformancefor thelowesttestingtimes( 	�

and ��ª ) wasobtainedwith the ��� GaussiansGMM,
with 
�
 and ��
�ª of training,andwith errorsfrom 
���©
to � %. Yet for 
�
�ª training,theGMM with 	�
 Gaus-
sianspresentederrors from 
���© to � %, overcoming
theAR-Vector.­ The bestperformancewith the lowesttime of train-
ing andtestcorrespondedto theAR-Vectorwith 	�
�ª
trainingandtesting—witherrorsaround����� %.
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