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ABSTRACT

This papercomparesernel-basegrobabilisticneuralnet-
works for spealer verification. Experimentalevaluations
basedon 138 spealers of the YOHO corpususing proba-
bilistic decision-basedeuralnetworks (PDBNNSs), Gaus-
sianmixture models(GMMs) and elliptical basisfunction
networks (EBFNs)asspealer modelswereconductedThe
original PDBNN training algorithm was also modified to

malke PDBNNSs appropriatefor spealer verification. Re-
sults shawv that the equalerror rate obtainedby PDBNNs
and GMMs is about half of that of EBFNs (1.19% vs.

2.73%),suggestinghat GMM- andPDBNN-basedpealer
modelsoutperformthe EBFN one. This work also finds
thatthe globally supervisedearningof PDBNNsis ableto

find a setof decisionthresholdghatreducethe variationin

FAR, whereaghe ad hocapproachusedby the EBFNsand
GMMs is notableto do so. This propertymakesthe perfor

manceof PDBNN-basedystemanorepredictable.

1. INTRODUCTION

In spealer verification systems gachregisteredspealer is

assigneda spealker-dependentnodel characterizinghis or

herown voice. Typically, eachof thesemodelsis trainedto

estimatethe likelihood of the correspondingpealer given
an utterance. Gaussiarmixture models(GMMs) [1] and
elliptical basisfunction networks (EBFNSs) [2] have been
widely usedas spealer modelsbecauseof their capabil-
ity to modelarbitrary densityfunctions. However, GMMs

andEBFNshave limitationsasthey do not provide a proper
mechanisnfor settingdecisionthresholdsmakingthever-

ification systemssulnerableto impostorattacks. Therefore,
amoreadwancedspealer modelis needed.

Probabilistic decision-based neural networks
(PDBNNSs),proposedy Lin etal. [3], canbeconsidereds
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aspeciaform of GMMs with trainabledecisionthresholds.
PDBNNs were used to implement a hierarchical face
recognitionsystemin [3] with excellent results(97.75%
recognition, 2.25% false rejection, 0% misclassification
and0% falseacceptance)The characteristiceof PDBNNS’

decisionboundariedave beeninvestigatedn our previous

study[4], wherethe strengthsof PDBNNsare highlighted
by comparingherecognitionaccurag anddecisionbound-
ariesof PDBNNs againstthoseof GMMs. We have also
demonstratedn [4] that the thresholdingmechanismof

PDBNNsis very effective in detectingdatanot belonging
to any known classes.In light of this finding, this paper
appliesPDBNNSs to spealer verification in an attemptto

improve the robustnessof spealer verification systems
againstintruderattacks.

2. PROBABILISTIC DECISION-BASED NEURAL
NETWORKS

Probabilistic decision-baseceural networks (PDBNNS)
area probabilisticvariantof their predecesspDBNNSs [5],
for robust patternclassification. PDBNNs emplgy a mod-
ular network structure. In otherwords,a PDBNN is com-
posedof a numberof small sub-netverks, with eachsub-
network representingneclass. Eachclassfollows a prob-
abilistic constraint,andthe likelihood function p(z (¢)|w;)
for eachclassw; is amixture of Gaussiarlistributions. The
subnetdiscriminantfunctionsof a PDBNN aredesignedo
modelsomelog-likelihoodfunctionsof theform

o(z(t), wi) log p((t)|w;) 1)

R
log Z P(O,;|ws)p(z(t)|ws, ©;)
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wherew; = {p,;, Zri, P(Orilwi), T; } , ©,); represents
the parametersof the rth mixture component,R is the
total numberof mixture components p(z(t)|w;, ©,);) is
the probability densityfunction of the rth componentand
P(0,;|w;) is the prior probability (alsocalled mixture co-
efficients) of the rth componentand T; is the decision



thresholdof the i-th subnet. Typically, p(z(t)|w;, ©,;) is
aGaussiamistribution with meany,.; andcovarianceX,. ;.

Learningin PDBNNs is divided into two phases:
locally unsupervisedLU) and globally supervisedGS).
In the LU learningphase eachsubnetis trainedindepen-
dently, andnomutualinformationacrosgheclassess used.
Specifically PDBNNsadoptthe expectation-maximization
(EM) algorithm[6] to maximizethelog-likelihoodfunction

N
Wwis X)) = ) é(a(t), ws) (2)
t=1

with respectto the parametersgs, ;, ,;, and P(0,;|w;),

where X; = {z(t);t = 1,2,...,N} denotesthe set of

N independenandidentically distributedtraining patterns
from classw;.

In the globally supervised GS) training phase tar-
getvaluesareutilized to fine-tunethe decisionboundaries.
The network weightswill be updatedwheneer misclassi-
fication occurs. Specifically reinforcedlearningis applied
to the subnetcorrespondindo the correctclassso thatthe
weightvectoris updatedn adirectionparallelto thegradi-
entof ¢(z, w;) , whereasnti-reinforcedlearningis applied
to the (unduly) winning subnetto move the weight vector
alongtheoppositedirection:

wiith) w9 4 nVe(z, w;) (reinforced)
wlit) w9 — nVe(z,w;) (anti-reinforced)
This hasthe effect of increasingthe chanceof classifying
the samepatterncorrectlyin thefuture.

3. APPLICATIONS TO SPEAKER VERIFICA TION

3.1. Enrollment Procedures

Eachregisteredspealer was assigneda personalizechet-
work (GMM, EBFN or PDBNN) which wastrainedto rec-
ognizethe speechderivedfrom two classes—speak class
and anti-speakr class. To this end, two groupsof ker
nel functions(onerepresentinghe spealer himself/herself
while theotherrepresentinghe spealersin theanti-speakr
class)wereassignedo eachnetwork. We denotethe group
correspondingo the spealer classas the spealer kernels
andthe one correspondindo the anti-speakr classasthe
anti-speakr kernels. For eachregisteredspealer, a unique
anti-speakr set containinga predefinednumber of anti-
spealerswascreated.This setwasusedto createthe anti-
spealer kernels. The anti-speakr kernelsenableus to in-
corporatethe ideaof scoringnormalization[7] in thetrain-
ing proceduresywhich enhanceshe networks’ capabilityin
discriminatingthe true spealersfrom theimpostors.

Eachof the GMMs and PDBNNSs is composedf
12inputs(12th-ordercepstrakcoeficientswereusedasfea-
tures),a pre-definechumberof kernels,andoneoutput.On
the otherhand,the EBFNscontain12 inputs,a pre-defined
numberof kernels,and 2 outputswith eachoutputrepre-
sentingoneclass(spealer classor anti-speakr class). All
of thecovariancematricesin the kernelsarediagonal.

We appliedthe K-meansalgorithmto initialize the
positionsof the spealer kernels. Then,the kernels’ covari-
ancematriceswere initialized by the K-nearestneighbors
algorithm (K = 2). In otherwords, all off-diagonalele-
mentswerezeroandthediagonalklementgbeingequal)of
eachmatrix wereinitialized to the averageEuclideandis-
tancebetweenthe correspondingcenterand its K-nearest
centers.The EM algorithmwas subsequentlysedto fine-
tune the meanvectors, covariancematrices,and mixture
coeficients. The sameprocedurewas also appliedto de-
termine the meanvectorsand covariancematricesof the
anti-speakrkernels,usingthespeechdataderivedfrom the
anti-speakrset.

Theenrollmentprocesdor constructingn PDBNN-
basedspealer modelinvolvestwo phasesiocally unsuper
vised (LU) training and globally supervised GS) training.
TheLU trainingphases identicalto the GMM trainingde-
scribedabove. In the GStraining phase the spealer’s en-
rollment utterancesand the utterancedgrom all enrollment
session®f theanti-speakrswereusedto determinea deci-
sionthresholdseeSection3.3below).

For the EBFN-basedspealer models, the spealer
kernelsand anti-speakr kernelsobtainedfrom the GMM
training describedabove were combinedto form a hidden
layer. Finally, singularvaluedecompositiorwasappliedto
determingheoutputweights.Detailsof theenrollmentpro-
cedurefor EBFNscanbefoundin [2].

3.2. Verification Procedures

Verification was performed using each spealer in the
YOHO corpusasa claimant,with 64 impostorsbeingran-
domly selectedrom theremainingspealers(excludingthe
anti-speakrsandthe claimant)androtatingthroughall the
spealers. For eachclaimant, the feature vectorsof the
claimants utterancedrom his/her10 verification sessions
in YOHO wereconcatenatetb form a claimantsequence.
Likewise, the featurevectorsof the impostors utterances
wereconcatenatetb form animpostorsequence.

For PDBNNsandGMMs, the following stepswere
performedduringverification. Thefeaturevectorsfrom the
claimants speech7¢ = {&,#5,...,Zr,} were divided
into a numberof overlappingseggmentscontaining?’ (< T)
consecutre vectorsasshavn below.
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For the t-th segment (7;), the average normalizedlog-
likelihood
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of the PDBNN-basedand GMM-based spealer models
wascomputedwhereggs (Z) and ¢4 (Z) representhe log-
likelihood function (Egn. 2) of the spealer and anti-
spealersrespectiely. Verificationdecisionsverebasedon
thefollowing criterion:

> ( acceptheclaimant
If 2t

< ¢ rejecttheclaimant )
where( is aspealer-dependendecisionthresholdseeSec-
tion 3.3 below for the procedureof determining). A veri-
ficationdecisionwasmadefor eachsegment,with the error
rate(eitherfalseacceptancer falserejection)beingthepro-
portion of incorrectverificationdecisiongo the total num-
berof decisions.In thiswork, T' in Egn. (3) wassetto 500
(i.e.,7 second®f speech)andeachsegmentwasseparated
by five vectorpositions.More specifically the t-th segment
containghe vectors

Te = {f5(t—1)+1;f5(t—1)+2; v ;f5(t—1)+500}

where5(t — 1) + 500 < T.. Notethatdividing the vector
sequencénto a numberof sggmentshasalsobeensuccess-
fully usedin [1], [2] for increasinghenumberof decisions.

For the EBFN-basedspealer models, verification
decisionswere basedon the differencebetweenthe scaled
network outputs[2]. Details of the verification procedure
canbefoundin [2].

In this work, equalerror rate (EER)—falseaccep-
tanceratebeingequalto falserejectionrate—wasusedasa
performancéndex to comparehe verificationperformance
amongdifferentspealer models.As the spealer modelsre-
mainfixedoncethey have beentrained, EER canbeusedto
comparethe models’ ability in discriminatingthe spealer
featuredrom theimpostorfeatures.

3.3. Determination of DecisionThr esholds

The proceduresor determiningthe decisionthresholdsof
PDBNNs,GMMs andEBFNsaredifferent. For the GMM-
basedand EBFN-basedspealer models, the utterances
from all enrolimentsession®f 16 randomlyselectedcanti-
spealers were usedfor thresholddetermination. Specifi-
cally, theseutterancesvereconcatenatedndthe procedure

describedn Section3.2 wasapplied. Thethreshold{ was
adjusteduntil the falseacceptanceate (FAR) fell below a
pre-definedevel. In this work, we setthis level to 0.5%.
The reasonbehind using anti-speakrs’ utterancesather
thanspealer’s utterancess thatit is mucheasierto collect
the speectof a large numberof anti-speakrs. Hence,the
thresholdsobtainedaremorereliablethanthosethatwould
beobtainedrom spealer's speechln addition,usingapre-
definedFAR to determinghedecisionthresholdenablesis
to predictthe robustnesf the verification systemagainst
impostorattackg8].

To adoptPDBNNSsto spealer verificationandto de-
termine the decisionthresholdof PDBNN-basedspealer
models,three modificationson the PDBNN's training al-
gorithm have beenmade. First, the original PDBNNs use
onethresholdper network. However, in our case for each
spealer we use one network to model the spealer class
andanotheroneto modelthe anti-speakr class. To make
PDBNNSs applicableto spealer verification, we modified
the likelihood computationsuchthat only onethresholdis
required. Specifically insteadof comparingthe subnets
log-likelihoodagainstits correspondinghresholdasin the
original PDBNNs,we comparedinormalizedscoreagainst
asingledecisionthresholdasin Egns.(3) and(4).

In the secondmadification, we changedthe fre-
gueny at which the thresholdis updated. The original
PDBNN adoptsthe batch-modesupervisedearning. Our
spealerverificationprocedurehowever, adoptsasegmental
typeof learning(seeSection3.2). Specifically we modified
the GS training to work on a sggmentalmodeas follows.
Let 7,, bethen-th segmentextractedfrom spealer’s speech
patternsXg or from anti-speakrs’ speechpatternst4, the
normalizedsegmentalscoreis computedy evaluating

S(Tn) Ss(Tn) — Sa(Ta)
= 2 Y 0@ -7 Y 64(@)

€T zeT,

7 3 (9s@) — 04(@)

Z€Tn

where ¢s(Z) and ¢ 4(£) denotesthe log-likelihood (Eqgn.
(1)) of spealer's speectandimpostors’'speeclrespectiely.

For eachsegment,a verificationdecisionwasmadeaccord-
ing to thecriterion:

If 5(7%){

>C,(f:_)1 acceptheclaimant
gcﬁﬁl rejectthe claimant

wheregfﬂ1 is the decisionthresholdof the PDBNN-based
spealer modelafter learningfrom seggment7,_; at epoch

Jj. We adjustedgﬁfz1 whenever misclassificationoccurs.
Specifically we updategﬁf}l accordingto
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wherer, andr, arerespectiely the reinforcedand anti-
reinforcedlearningrates(moreon next paragraph)i(d) =
=z is a penaltyfunction, andi’(d) is the derivative of
1(").

In the third modification, we introduceda new
method to computethe learning rates. In the original
PDBNNSs, the learningratesfor optimizing the thresholds
areidenticalfor both reinforcedand anti-reinforcedearn-
ing. However, in somesituations theremay be mary false
acceptanceandonly a few falserejections(or vice versa),
which meangthat anti-reinforcedearningwill occurmore
frequentthanreinforcedearning(or vice versa).ln orderto
reduceheunbalancén thelearningfrequeny, we makethe
reinforced(anti-reinforced)earningrateto be proportional
to thenumberof falseacceptancérejections)j.e.,

N(] 1)

TS NG NG
1
N

NG NG

where NY=" and NY ") representespectiely the total
numberof falserejectionsandfalseacceptanceat epoch
j — 1 andy is a positive learningparameter As a result,
afrequentlearnerwill have a smallerlearningratewhile a
non-frequentearnerwill have a higherlearningrate. This
arrangementanpreventthereinforcedlearningor theanti-
reinforcedlearningfrom dominatingthelearningprocess.

In this work, we only modifiedthe decisionthresh-
oldsin the globally supervisedraining with the meanvec-
tors u,; and covariancematricesy,; remainunchanged.
This is becausave want to maintainthe maximumlik eli-
hoodnatureof themodels.

3.4. Spealer Verification Experiments

In this section,experimentalevaluationson closed-setext-
independenspealer verificationbasedn all spealers(108
male, 30 female)in the YOHO corpus[9] are presented.
We used40 spealer kernels,160 anti-speakr kernels,and
16 anti-speakrsfor creatingeachspealer model. Theaim
is to evaluatethe robustnesf differentpatternclassifiers
(spealer models)for spealer verification. To demonstrate
the robustnesf differentclassifiers,speechfrom the en-
rollment session®f the YOHO corpuswasusedfor train-
ing while thespeechrom theverificationsessionsvasused
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Figure 1: DET curves for spealer 277. Thick curve:
EBFN-basedspealer model. Thin curve: GMM-basedand
PDBNN-basedspealer models. Note thatthe DET curves
for the GMM andthe PDBNN are identical sincethe GS
trainingonly updateghethresholdof the PDBNN.

| SpeakrModel | FAR (%) | FRR(%) | EER(%) |

GMMs 4.91 1.68 1.19
EBFs 33.51 4.93 2.73
PDBNNs 0.35 16.17 1.19

Tablel: Averageerrorratesobtainecby the GMMs, EBFNs
andPDBNNSs.Thepre-definedrAR for GMMs andEBFNs
wassetto 0.5%.

for testing. Verificationwasperformedusingeachspealer
in the corpusas a claimant,with 64 impostorsbeingran-
domly selectedrom theremainingspealers(excludingthe
anti-speakrs)androtatingthroughall spealers.

Table 1 summarizeshe averageFAR, FRR, and
EER obtainedby the PDBNN-, GMM- and EBFN-based
spealker models. All resultsare basedon the averageof
138 spealersin the YOHO corpus. The results,in partic-
ular the EER, demonstratehe superiority of the GMMs
and PDBNNs over the EBFNs. The EER of GMMs and
PDBNNSs are the samesince their kernel parametersare
identical.

Table 1 also demonstrateghe superiority of the
thresholddeterminatiorprocedureof PDBNNS. In partic-
ular, Table1 shaws thatthe globally supervisedearningof
PDBNNscanmake theaverageFAR very smallduringver
ification, whereaghe ad hoc approachusedby the EBFNs
and GMMs is not ableto do so. Recallfrom our previous
discussiornthat the pre-defined=AR wassetto 0.5%. The
averageFAR of EBFNsandGMMs are,however, very dif-
ferentfrom this value. This suggestshatit may be difficult
for usto predictthe performanceof the EBFNsandGMMs
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Figure2: FRRsversusFARs (during verification)of 138 spealersusing(a) GMMs, (b) PDBNNsand(c) EBFNsasspealer

models.

in detectingtheimpostorattacks.

Figure 1 shavs the DET curves [10] for spealer
277 using differenttypesof spealer models. In the DET
plots, we usea nonlinearscalefor both axes so that sys-
tems producingGaussiardistributed scoreswill be repre-
sentedvy straightlines. This propertyhelpsspreadout the
recever operatingcharacteristic$ROCs), makingcompar
ison of well-performedsystemanucheasier Note thatthe
DET curvesfor GMM andPDBNN areidenticalin this ex-
perimentbecausehe globally supervisedraining updates
the thresholdsof PDBNNsonly. It is evidentfrom Figure
1 thatthe GMM- andPDBNN- spealer modelsoutperform
theEBFNone.

Figure 2 depictsthe FAR and FRR of individual
spealersin the GMM-, EBFN- andPDBNN-basedpealer
verification systems. Evidently, most of the spealersin
the PDBNN-basedystemexhibit alow FAR. Ontheother
hand,the GMMs andEBFNsexhibit amuchlargevariation
in FAR. We conjecturehattheglobally supervisedearning
in PDBNNSsis ableto find decisionthresholdghatminimize
thevariationin FAR.

4. CONCLUSIONS

This paperaddressetheproblemof building spealer verifi-

cationsystemausing kernel-basegbrobabilisticneuralnet-

works suchas GMMs, EBFNs and PDBNNs. The mod-

elling capability of thesepatternclassifiersare compared.
Experimentalresultsindicatedthat GMM- and PDBNN-

basedspealer modelsoutperformthe EBFN ones. This

work also finds that the globally supervisedlearning of

PDBNNscanreducethe FARs andmaintaintheir variation
to alow level.
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