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Abstract—This paper presentsa performanceevaluation
of two classification systemsfor text independent speaker
verification: the GaussianMixtur e Model (GMM) and the
AR-Vector Model. For the GMM, ��� , ��� , and � Gaussians
are evaluated. On the other hand, an order � model with
the Itakura symmetric distancewasusedfor the AR-Vector.
Both classificationsystemspresentedno errors when train-
ing and testing times were not smaller than �
	 s and �
	 s, re-
spectively. Using ��	 sasthe test time, the mostaccurateclas-
sification systemserrors were between 	��  and ��� � %. With� s test, the errors presentedby the GMM were around � to�
% whereasthosefor the AR-Vectorwereabove ��	 %. How-

ever, the best resultsusing 10sastesting and training times
wereobtainedwith the AR-Vector, with errorsaround ����� %.

I . INTRODUCTION

HE recognitionof a humanbeingthroughhis voice
is oneof thesimplestformsof automaticrecognition

becauseit usesbiometriccharacteristicswhichcomefrom
a naturalaction,thespeech.Speech,beingpresentevery-
wherefrom telephonenetsto personalcomputers,maybe
the cheapestform to supplya growing needof providing
authenticityandprivacy in theworldwidecommunication
nets[1].

Researchin theareaof speaker recognitionhassignifi-
cantlygrown over the last few yearsdueto a vastareaof
applicationswheretherecognitioncanbeusedsuchas

– Accesscontrol: to devices,networks, anddatain gen-
eral;
– Authenticationfor businesstransactionsasatool to pre-
ventfraudin: shoppingover telephone,creditcardvalida-
tion, transactionsover Internet,bankoperations,etc.
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– Law enforcement:penitentiarymonitoring,forensicap-
plications,etc.
– Help to handicapped.
– Military use: classifiedinformation requiring speaker
identification.

Speaker verificationis the taskof verifying if a speech
signal(utterance)belongsor not to acertainperson,which
meansa binarydecision.Thedecisionsarecarriedout in
theso-calledspeakersopenset[2] becausetherecognition
is donein an unknown speakersset(possibleimpostors).
As to text dependency, recognitioncan be dependentor
independent.Systemsdemandinga predeterminedword
or phrasearetext dependent.Suchsystemscanoffer pre-
ciseandreliablecomparisonsbetweentwo speechsignals
with the sametext, in phoneticallysimilar environments,
requiringonly � to � secondsof speechfor training and
testing.In text independentsystems,suchcomparisonsare
not soeasyto beobtained.Theperformancedecreasesas
comparedto text dependency. Moreover, in orderto obtain
reasonablestatisticsof thesignal,it is, in general,neces-
sary from ��� to ��� secondsof speechsignal for training
andtesting[3].

In speaker recognition, the GaussianMixture Model
(GMM) can be seenas a hybrid betweentwo effective
models:aunimodalGaussianclassifierandavectorquan-
tization(VQ) codebook[4]. Thisschemecombinesthero-
bustnessandsmoothingpropertiesof theparametricGaus-
sianmodelwith thearbitrarymodelingcapabilityof anon-
parametricVQ. TheGMM performsthespatialseparation
of acousticclassesand its main differencecomparingto
VQ concernsthefactthatdistancesarenotusedto separate
classesbut probabilitiesfrom a setof Gaussianprobabil-
ity densityfunctionspreviously estimated.TheGMM can
alsobeunderstoodasasinglestateHMM (HiddenMarkov
Model) [5], having asobservationsmixturesof Gaussian
PDFs(probability densityfunctions). Thesecomponents
maymodela vastphoneticclassto characterizethesound
producedby a person[6]. This fact justifies its use in
speaker recognition.

TheAR-Vector—AR fromAuto-Regressive—is amodel
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capableof capturinginformation about the dynamicsof
thespeechfor a givenspeaker which is interpretedasthe
speakerarticulatorycapacityor, in otherwords,thewayhe
speaksastimegoesby [7]. This is anextensionof amodel
widely known in speechprocessing,theLinearPrediction
Coefficients(LPC). Whilst LPC is basedon the linear re-
gressionoverscalars,AR-Vectoris basedontheregression
over featurevectors. In speaker recognitionapplications,
the AR-Vectorusesa distancemeasurein order to com-
paretwo models. For this measure,the so-calledItakura
distance[8] is usuallyemployed.

This paperis organizedas follows. In Section2, the
GMM is reviewed. The AR-Vector is describedin Sec-
tion 3. Section4 containsdetailsof thesystemconfigura-
tion andis followedby simulationresultsin Section5, and
conclusionsin Section6.

I I . THE GAUSSIAN M IXTURE MODEL

A mixture of Gaussian probability densities is a
weightedsumof � densities,andis givenby���
����� "!$# %& ' (*) �

',+-' �
��.! (1)

where �� is a randomvectorof dimension/ ,

+�' �
��0! , 1 #��2�3434342-� , arethedensitycomponents,and� ' , 1 # ��2�3434342-� ,
arethemixturesweights.Eachcomponentdensityis a /
variateGaussianfunctionof theform+�' �
��5!�#76 �98;:<�=?>@ 8 >ACB4DFEHG :I =?>@ 8 >ACB !� ��J !�K <�L � MONP� (2)

with meanvector �Q ' andcovariancematrix MON .
Note that the weighting of the mixtures satisfiesR %' (*) � ' # � . ThecompleteGaussianmixturedensityis pa-

rameterizedby a vectorof means,covariancematrix, and
a weightedmixtureof all componentdensities(  model).
Theseparametersarejointly representedby thefollowing
notation:

 S#UTV� ' 2 �Q ' 2XW '9Y 1 # ��2�3434342-�Z3 (3)

The GMM canhave different forms dependingon the
choiceof the covariancematrix. The model can have a
covariancematrixperGaussiancomponentasindicatedin
(3) (nodalcovariance),a covariancematrix for all Gaus-
siancomponentsfor a givenmodel(grandcovariance),or
only onecovariancematrix sharedby all models(global
covariance).A covariancematrix canalsobecompleteor
diagonal[2].

For a set of training data,the estimationof the maxi-
mumlikelihoodis necessary. In otherwords,this estima-
tion tries to find the modelparametersthat maximizethe
likelihoodof theGMM, Thealgorithmpresentedin [4] is
widely usedfor this task.For asequenceof [ independent
training vectors \ #]T0�� ) 2�3434342 ��_^ Y , the likelihood of the
GMM is givenby��� \ �� "!$# ^`a (*) ���
�� a �� b! (4)

Thelikelihoodfor modelinga truespeaker (model  ) is
directlycalculatedthroughc4dCe ��� \ �� b!$# �[ ^& a (*) c4dCe ���
�� a �� "! (5)

Thescalefactor
)^ is usedin orderto normalizethelike-

lihood accordingto thedurationof theutterance(number
of featurevectors). The last equationcorrespondsto the
normalizedlogarithmiclikelihoodwhich is the  model’s
response.

Thespeaker verificationsystemrequiresa binarydeci-
sion,acceptingor rejectingapretensespeaker. Suchasys-
temis representedin Fig. 1
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Fig. 1. SpeakerverificationsystemusingGMM.

Thesystemusestwo modelswhichprovide thenormal-
ized logarithmic likelihoodwith input vectors �� ) 2�3434342 ��k^ ,
one from the pretensespeaker andanotherone trying to
minimize the variationsnot relatedto the speaker (back-
ground model),providing a morestabledecisionthresh-
old [2]. If the systemoutput value (differencebetween
the two likelihood)is higherthana given thresholdl the
speaker is accepted;otherwiseit is rejected. The back-
groundis built with a hypotheticalset of falsespeakers
andmodeledvia GMM (universalbackgroundmodel[9]).
The thresholdis calculatedon the basisof experimental
results.

I I I . AR-VECTOR

Thebasicideabehindlinearpredictionis thata speech
samplecan be approximatedby a linear combinationof
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numericalsequence(piecesof speech).TheAR-Vectoris
actuallyanextensionof theLPCin thesensethatit carries
out a predictionamongvectors(not samples),modeling
thetimeevolving of thevectors.

Theorder� AR-Vectormodelfor a sequenceof m vec-
torsof dimensionn , in timedomain,is givenby:

\po # q&r (*)ts r \ o 8 rvuxw o (6)

where \ o and w o are n dimensionvectors, with w
representingthe linear prediction error, and s r being
the n yUn prediction matrix. The set of prediction
matricescan be representedby a nzy �{� u � ! matrix| #~} |S� |�� |�� ����� |S���

, with s�� #�� (identity
matrix).

Fromvectors\ o , we candefineanestimateof theau-
tocorrelationmatrix:� r #Z� 8 r&o ( � \ o \

^oC� r (7)

wherem is thenumberof vectors\ . Notethat
� r results

in a n�y�n matrix.s r areobtainedby solving the following setof equa-
tions.�
����

� � � ^ ) 3�3�3 � ^q 8 )� ) � � 3�3�3 � q 8k�...
...

. . .
...� q 8 ) � q 8k� 3�3�3 � �

������
�
���� s )s �...s q

������ #
�
����
� )� �
...� q
������
(8)

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

|
,

andtheautocorrelationmatrixon theright-handsideas � ,
we have:� | # � � | # � 8 � � (9)

Once� is aToeplitzmatrix,awell known computation-
ally efficient algorithm (the Levinson-Durbinrecursion)
canbeusedto solve thesetof equations[10].

Theutilization of theAR-Vectorin speaker recognition
requirestheuseof somemeasureto evaluatethesimilarity
betweentwo autoregressive models. A widely useddis-
tancemeasureis the Itakuradistance[8] which provides
thedistancebetweentwo all-polesLPC’sbasedonthelin-
earpredictioncoefficientsandon theautocorrelationma-
trix.

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

|
previously

estimatedfrom agivenspeaker andamodel � from apre-
tensespeaker, threedistancemeasuresbetweenthesetwo
modelaredefinedfor their respective autocorrelationma-
trices.Thesemeasuresare:
1. Distancefrom � to

|
:� � �S2 | !�# c4dCe ���V ¢¡ | �¤£ |S¥�¦�¤£§� ¥¦¨ ! (10)

2. Distancefrom
|

to � :� � | 2X� !�# c4dCe ���V  ¡ �¦�¤©H� ¥| �¤© | ¥ ¨ ! (11)

3. SymmetricDistance:��ª�«�¬ # �� � � � �S2 | ! ux � | 2X� !V! (12)

The speaker verificationsystemprovidesa binary out-
put, acceptanceor rejectionof a pretensespeaker. Hence,
anestimationof a thresholdl , basedon trueandfalseut-
terances,is required.This thresholdis estimatedwith the
true distances, i.e., the two modelsundercomparisonare
from thesameperson,andwith the falsedistancesgiven
by thepretensespeakermodelcomparedto theothermod-
elsnotbelongingto him.

From thesedistances,the thresholdis estimatedtaking
into accountfalseacceptanceerrorsandfalserejectioner-
rors.Whenaspeaker is to beanalyzed,hewill beaccepted
if theresultingdistanceis lowerthanthethreshold.Hewill
berejectedotherwise.Fig. 2 presentstheAR-Vectorveri-
ficationsystem.
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Fig. 2. AR-VectorSpeakerVerificationSystem.

The autoregressive modelproducesa smoothedmodel
of the evolving features,capturinginformation from the
dynamicsof thespeaker.
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IV. SYSTEM CONFIGURATION

This sectiondetailsthespeaker verificationsystemim-
plementedin our experiments.Wehave used�C¯ speakers,�C� malesand �°� females,from which ± males(M) and± females(F) wereselectedexclusively to form theback-
groundand,therefore,did notparticipatein thetests.Each
speakeruttered���C� sentences,in BrazilianPortuguese,ex-
tractedfrom [11]. We have used �°± Mel-cepstrumcoef-
ficients [12], with ����n�² windows and ±���³ overlapping.
The silencebetweenwords were eliminated. The num-
ber of Gaussianswere �C� , �°¯ , and ´ . In the order � AR-
Vector, we have usedthe symmetricItakuradistancebe-
causeprevious experimentshave shown its betterperfor-
mancefor this configuration. We have used ¯�� , ��� , and����² of speechsignalfor trainingand��� , ��� , and �C² for test-
ing. Eachbackgroundspeaker contributedwith ¯ seconds
of speech(without silence). The settingof the decision
thresholdwasestablishedin orderto equallyminimizethe
errorratebetweenfalseacceptance—FA (to acceptsome-
onewhich doesnot correspondto the truespeaker)—and
falserejection—FR(to rejectsomeonewhichcorresponds
to the true speaker). This procedureresultedin an equal
errorrate(EER)measure[2].

V. SIMULATION RESULTS

The resultsobtainedwith the GMM, varying thenum-
ber of Gaussians,arecomparedwith the resultsobtained
with theorder � AR-Vector, usingsymmetricalItakuradis-
tance.Thereasonfor this choiceis dueto thefactthatwe
have runexperimentswith orders� to ± andobtainedsim-
ilar results;order � waschosenfor its lowercomputational
complexity.

TABLE I

PERFORMANCE RESULTS, GMM µ AR-VECTOR, FOR �
	�¶
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 - 8 G 1.34 1.92 3.59
AR-Vector 0 1.22 10.00

The resultswith ¯���² of training areshown in Table I.
Fromthis tablewe seethat, for ����² test,theAR-Vector’s
resultsweresuperiorthantheGMM’s resultswith �°¯ and´ Gaussians.For ����² test,nevertheless,theAR-Vectorre-
sultedsuperiorwith respectonly to the ´ GaussiansGMM.

In this case,theAR-VectoryieldsanEERmorethandou-
ble of the oneobtainedwith the GMM using �C� and �°¯
Gaussians.Finally, with �C² test,theAR-Vectorpresented
a resultmuchworserthantheGMM.

TableII presentstheresultsfor a ����² trainingtime.

TABLE II

PERFORMANCE RESULTS, GMM µ AR-VECTOR, FOR ��	�¶
OF TRAINING.

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

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

In TableII theAR-VectorovercametheGMM for ����²
test, presentingno errors. With ����² test, the AR-Vector
presentedsuperior results than the �°¯ and ´ Gaussians
GMM, and is closeto the resultsof the GMM with �C�
Gaussians.With �C² test, the AR-Vectorpresentederrors
around��� % againstthe � % to · % of theGMM.

In Table III we find the resultsfor the lower training
time,correspondingto theworsterrorsof theclassification
systems.

TABLE III

PERFORMANCE RESULTS, GMM µ AR-VECTOR, FOR ��	�¶
OF TRAINING.

System testsresults(% )
10s 3s
EER EER

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

Whenthetrainingtimeis ����² , theGMM—independently
of thenumberof Gaussians—yieldsresultswhicharevery
closeto eachother. TheAR-Vectorachievedbetterresults
only for the ����² testcase(errors � to � % lower).

Throughoutthe analysisof the resultspresentedhere,
we can clearly note that the numberof Gaussianshasa
stronginfluencein theperformance.Thehigherthisnum-
ber the better the modelingobtainedby the GMM and,
therefore,the better the resultswill be. The amountof
time for training andfor testingalsohave a stronginflu-
ence.The larger they are,themorestatisticsthey areof-
fering and,consequently, the more precisethe modeling
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carriedoutby theGMM andAR-Vectorwill be.Whenthe
statisticsprovidedto traintheGMM is poor, thenumberof
Gaussiansdoesnot influencetheresponsebecausethereis
nodatafor amoreprecisemodeling,ascanbeobservedin
Table3. Thesameis valid for theAR-Vectorwhich is not
ableto offer anadequatemodelingwhenonly �C² of datais
availablefor testing.

VI. CONCLUSIONS

This papercomparedthe performancesof the GMM
versustheAR-Vectormodelsfor text independentspeaker
verification.Theresultshave shown theefficiency of both
schemesfor differenttimesof trainingandtestingaswell
asfor differentnumberof Gaussiansin theGMM. Based
ontheresultsavailablein thispaper, wecanconcludethat:¸ Thebestperformance(noerrors)with thelowercompu-
tationalcomplexity wasobtainedby theAR-Vectorproce-
durewith ����² for trainingandtesting.¸ The bestperformancefor the lowest testingtimes ( ���
and �C² ) wasobtainedwith the �C� GaussiansGMM, with¯�� and ����² of training,andwith errorsfrom �¹3º± to � %. Yet
for ¯���² training, the GMM with �°¯ Gaussianspresented
errorsfrom �¹3º± to � %, overcomingtheAR-Vector.¸ The bestperformancewith the lowest time of training
andtestcorrespondedto theAR-Vectorwith ����² training
andtesting—witherrorsaround��3º� %.
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