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ABSTRACT

This papercompareghe useof multilayer perceptron§MLPSs) trainedon back-propagatiomndradial
basisfunction (RBF) neuralnetworks for the task of text-dependenspealer recognition. 10 classifier
networksweregeneratedor eachof 20 malespealersusingrandomly-generatetiaining setsconsisting
of 6 true spealer utteranceand 19 falsespealer utterancegonefrom eachof the falsespealers). The
resultingnetworks were then usedto asseswerificationand identificationperformancedor eachof the
network architectures.The resultsclearly indicatethat the choice of true andfalsespealer utterances
usedin the training sethasa crucial effect on the succesof the classifier The overall superiority of
performanceaeportedin generalfor RBF networks over MLPs would appearto be dueto the reduced
sensitvity of theformerto a poortrainingsetwhencomparedo theperformancef anMLP for thesame
trainingset. Whenboth networks arepresentedvith their ‘best’ trainingsets however, the RBF network
still significantlyout-performshe MLP.

Keywords — spealer recognition,text-dependentecognition,multilayer perceptronsback-propagation,
radial basisfunctions.

1. Introduction

For mary yearsnow, therehasbeena growing interestin the useof voice asa meanof recognisingor confirminga
persons identity. The reasonfor this is thata persons voiceis considereda biometricidentifier, asarefingerprints,
retinal patternsand DNA. It is a characteristi¢hatis supposedo be intrinsic anduniqueto a personand,assuch,
shouldnot bereproducibleby anyoneelse.Furthermoreit benefitsfrom the factthatthe personto beidentifieddoes
not have to carry a cardor a key that canbe duplicatedor stolen. Also a biometricidentifier doesnot have to be
rememberedik e the personaldentificationnumber(PIN) for anautomaticteller maching(ATM) card.

In text-dependenspealer recognition,it is assumedhatthe spealer is cooperatie, andwishesto berecognised.
This is mostoftenthe casein securityapplicationsvherea personmay identify themselesusingtheir voice to gain
restrictedaccesdo premisesor sensitve information. Somecommonexamplesof securityapplicationsare voice-
activatedlocks,accesgo restrictedcomputerdataandvoiceverificationfor telephone-bankingndATM transactions.
This contrastssharply with text-independenspealer recognitionwherethere are no constraintson the spealer's
vocahulary. Sincetext-dependenspealer recognitionmodelsthe spealer for the nominatedext (e.g.their passverd)
only, it has,in general lower error ratesthantext-independenspealer recognitionwhich mustmodelthe spealer’s
characteristicor a variety of speectsoundqd1, 4].

Although text-dependenspealer recognitionwould appearto be a straightforvardtask, it hasyet to be realised
on a practicaleverydaylevel. The mainreasorfor this is thatthe prime purposeof speechs to corvey a message.



Thereforejt is the messagé¢hatis the mostimportant(albeitnot the only) informationin a speectsignal. The speech
signalnot only carriesthe intendedmessagef the spealer, but alsoimplicit informationconcerningtheir identity,
the languagethey are speakingandtheir accent,aswell astheir emotionaland physicalstate. As theseaspectsare
secondarnto the messagédeing corveyed, it is difficult to extract them from the speechwaveform: the message
andthe spealer’s characteristicare non-linearlyandinter-dependentiyencodedn the speechwaveform. As yet it
is impossibleto extract the characteristicshat determinea persons voice from their speechwaveform with total
reliability.

Text-dependenspealer recognitioncanbe dividedinto two categories: verificationandidentification.In spealer
verification,the objectis to confirma person$identity usingtheir voice. This would bethe casewhensomeoneises
a cardor accessodethatthey aloneshouldpossessandthey areaskedto confirmtheir identity by usinga special
passwerd. It is atrueor falsescenaridoecause¢hereareonly two possibleoutcomeseitherit is the supposedpealer
or animpostor In spealeridentification,the taskis to identify the spealer asoneof agroupof N possiblespealers,
in which casethereare N possibleoutcomes.As N increasesthe likelihood of making a falseidentificationalso
increases.For this reason spealer identificationfor a large populationis generallyconsideredo be more difficult
than verification. If thereis alsothe possibility that the spealer comesfrom outsidethe group, thereare (N + 1)
possibleoutcomesfurtherincreasinghe chance®f afalseidentification.

Recentlyanincreasinghumberof researcherbasbeenexaminingthe applicability of artificial neuralnetworksto
both text-independentaindtext-dependenspealer recognition[2]. Early work was basedargely on the multilayer
perceptron(MLP) architectureand variantsthereof. More recently however, attentionhasturnedto the use of
radial basisfunction (RBF) networks [13]. The switchto the RBF approachhasbeendriven by reportsof superior
performancen recognitionover MLP networks[14, 5, 11]. In moststudiesa singleMLP or RBF network wasused
to represent spealer. In this paper we suggesthatit is usefulto obtaina rangeof MLP and RBF networks for
eachspealer, andto assesshe way they vary in performance.The variationis determinedy the choiceof true and
falsespealer utterancesisedin thetraining set. We confirmthatRBF networks aremorerobustin dealingwith poor
trainingsetsthanareMLPs. We furthershaw thatif bothnetworksaregiventheir ‘best’ trainingset,the RBF network
still out-performghe MLP.

2. Neural Networksfor Speaker Recognition

Two different neural network architecturesvere appliedto the text-dependenspealer recognitionproblem: the
multilayer perceptrorandtheradialbasisfunctionneuralnetwork. Both aredescribedn detailin [10].

TheMLP architecturausingback-propagatiofearning[3] is oneof the mostpopularneuralnetworks. It consists
of at leastthreelayersof neurons:aninput layer, one or more hiddenlayersandan outputlayer. The hiddenand
outputlayershave anon-linearactivationfunction. Back-propagatioiis a supervisedearningalgorithmthatuseswo
passeghroughthe network to calculatethe changein network weights. In the forward pass,the weightsare fixed
andtheinput vectoris propagatedhroughthe network to producean output. An outputerroris calculatedrom the
differencebetweenactualoutputand the desiredoutput. This is then propagatedackwardsthroughthe network,
makingchangedo theweightsasrequired.

The RBF neuralnetwork [13] hasboth a supervisedand unsupervisedomponento its learning. It consistsof
threelayersof neurons— input, hiddenand output. The hiddenlayer neuronsrepresent seriesof centesin the
input dataspace.Eachof thesecentreshasan activationfunction, typically GaussianThe activationdepend®on the
distancebetweenthe presentednput vectorandthe centre. The further the vectoris from the centre,the lower is
the activationandviceversa The generatiorof the centresandtheir widthsis doneusinganunsupervise&-means
clusteringalgorithm. The centresandwidths createcdby this algorithmthenform theweightsandbiasesof thehidden
layer, which remainunchangeancethe clusteringhasbeendone.Theoutputlayer (which hasnon-linearactivations)
is trainedby back-propagation.

3. Speaker Data

The spealer databasavas formed by 20 male spealerswith a common(Eastof Scotland)accentsayingthe word
“Allenwood” 20 times. The utterancesvererecordedover two sessionsn orderto incorporatesometime variance.
The speechwasrecordedwith a 16-bit A/D cardat a samplingrateof 16kHz, with a high-orderlow-passfilter with
8kHz cut-off frequeng to preventaliasing.Therecordingsveremadein ambientbackgroundoiseconditionstypical
of aquietcomputerdaboratory Eachutterancavasend-pointdetectedy hand.



For presentatiorto the neuralnetworks, a seriesof linear predictioncoeficientswas generatedor eachof the
400 utterancewsisingthe autocorrelatioomethod[12]. The framelengthwas20ms (320 sampleslusinga Hamming
window, overlappingby 50%. Theorderof thelinearpredictorwas12. Cepstrakcoeficientswerethengeneratedrom
the linear predictorcoeficients[6]. The speechwas presentedo the networks asa sequencef 4 cepstralvectors,
eachof length12. The presentatiorof 4 cepstralvectorsat eachinstantallowed the networks to incorporatesome
short-termtemporalspeectinformationaswell asstaticinformation.

4. Experiments

The purposeof the experimentswastwofold. The first aspectwasto verify that RBF networks did in fact provide
consistentlybetterresultsthanan MLP network for text-dependenspealer recognition. The secondpurposewasto
investigatehe effect of training-setvariationon the performancef the two networks.

Eachspealer hadtheir own MLP and RBF network. Eachnetwork had2 outputnodes,oneindicatingthe like-
lihood thatthe input vectorbelongsto the true spealer andthe otherthe likelihoodthat it belongsto animpostor—
althoughonly the first of thesewas actually usedin testing. Target valuesduring training were [+1,—1] for a true
spealerframeand[—1,+1]for animpostorframe.

Toinvestigateheeffectof training-setvariation,10training setswerecreatedor eachspealer, totalling 200train-
ing sets. Eachtraining setconsistedof 6 true spealer utterancesand 19 falsespealer utterancegone from eachof
the possibleimpostors). Theseutterancesvere choserrandomlyfor eachtraining set. For the verificationtests,this
meantthat therewere 14 true spealer testutterancesor eachnetwork, and 280 true spealer testutterancedor the
20 networksin total. Therewere 361 impostortestutterancegper network and, hence,361 x 20 = 7220impostor
testutterancesn total. For theidentificationtests therewere14 true spealer testutteranceper network and,hence,
280truespealer testsin total.

The numberof training patterns,Nt, usedto train eachnetwork wastypically 1250 (dependinguponutterance
length). In the caseof the MLP, therewasa singlehiddenlayer of 64 nodesanda tanhactivationfunctionwasused.
In line with usualpractice the numberof hiddennodes)earningrate, momentumetc.weresetempirically. TheRBF
network used0.25Nt hiddennodes.The nearest-neighbowridth heuristicused2 nearesheighbours.

The scorefor a testutterancefor a given network was obtainedas follows. Eachframe of the utterancewas
presentedo the network andits output(i.e. for the first one of the two outputnodesmentionedabove) found. The
averageoutputvalue acrossall framesof the utterancevasthencomputed,andtaken to be the score. No usewas
madein this studyof ary measuref dispersionsuchasthe standardleviation, of the scores.

5. Results

The identificationandverificationerrorsfor eachof thetwo systemaverecalculatedor bothrandomly-selectednd
best-performingdraining sets. In thefirst case a network for eachof the 20 speakerswasrandomlypicked from the
10 created.Theseselectechetworksthenformeda groupfor onesetof verificationandidentificationtests. This was
donel00timessothataveragevaluescould be calculated.In the secondest,the best-performingietwork for each
spealer wasselectedy handin orderto give anideaof the potentialperformancdor eachsystem.

For the verificationtest, a thresholdof 0 wastaken. Any scoreabove 0 was deemedo correspondo the true
spealer andary below to animpostor This thresholdvalueis arbitraryandcould be alteredif deemechecessaryin
orderto tradethenumberof falseacceptanceandrejectionssoasto improveoverallperformanceA falseacceptance
occurredwhenanimpostorwasrecognisedsthe true spealer anda falserejectionoccurredwhenthe true spealer
was recognisedas an impostor As statedin the previous section,the numberof impostortestsfor eachnetwork
was361andtrue spealer tests14. An averagevalueof the falseacceptanceandrejectionswasthencalculatedor
the 20 networks.

The identificationtestwas done by comparingthe outputsof all 20 networks for a particularutterancefor the
280 spealer identificationtestsin total. The network with the highestoutputwas consideredo belongto the true
spealer. No minimumdifferencebetweemetwork outputswasimposed.

Theresultsfor the randomly-chosetraining setsandthe best-performingraining setsfor both RBF and MLP
networks are shavn in Tables1 and 2, in which FA indicatesthe falseacceptanceate and FR indicatesthe false
rejectionrate. Theseclearly shov that the RBF networks are considerablybetterthanthe MLPs for both typical
(i.e. trained on randomly-selectedets)and best-performingoperation. We note in passingthat the identification



| I Verification | Identification |
| | FR(%) | FA (%) | TotalError(%) || Error(%) |
MLP 5.89 0.37 0.57 2.06
RBF 5.01 0.11 0.28 1.02

Tablel: Verificationandidentificationresultsfor randomly-selectettainingsets.

| I Verification | Identification |
| | FR(%) | FA (%) | TotalError(%) || Error(%) |
MLP 1.42 0.06 0.11 0.0
RBF 0.71 0.0 0.03 0.0

Table2: Verificationandidentificationresultsfor best-performindrainingsets.

performancés apparenthbetterthantheverificationperformancén Table2. However, thenumberof testsis different
in thetwo casesmakingthe significanceof this obsenationuncertain.

Thesuperiorityof theRBF networksover MLPsis furtherborneoutby theresultspresentedh Figuresl—4. These
shaw, for eachtraining set,the total numberof errors,valuesof the separatiormetricd’ (seebelow) andthe number
of falserejectionsandfalseacceptancesgespectrely. In eachcase graph(a) representshe resultsfor the MLP and
graph(b) theresultsfor the RBF networks. Eachtraining setis referencedy theindex of the x-axis. Every decade
representsheresultsof asinglespealer’strainingsets.

In Figurel, thetotal areaunder(a) is clearlylessthanthatunder(b), indicatingthatthetotal numberof errorsfor
the RBF network is lessthanthatof the MLP. The RBF network hadin factonly 219 errorscomparedo 426 for the
MLP. Thegraphsalsoshow thatif the RBF network hadtroubleseparatinghe spealersthenthe MLP wasin general
markedly worse. This confirmsthe commonly-heldviewpoint that RBF networks exhibit bettergeneralperformance
thanMLPs for spealer recognition.

In previous work [8, 9], thed’ sensitvity index of classicalsignal detectiontheory[7] wasmodifiedto yield a
measureof separabilitybetweenimpostorandtrue spealer distributionsin spealer recognition. It is definedasthe
differencebetweerthe meansof thetwo distributions,normalisecby the geometrioneanof their standardieviations.
A d’ of approximatelyé wasfoundto represengoodseparatiorin this application,with highervaluesrepresenting
betterdiscrimination. Figure2 showns thed’ valuesof the true spealer distribution againsthe impostordistribution,
for the two networks. The averagevalue for the RBF networksis 7.92 comparedto 6.54 for the MLPs. So the
RBF systemcreateda greatergap betweenthe true andfalsespealer distributions. Thereis alsoa high correlation
coeficient of 0.82 betweenthe d’ valuesfor the RBF and MLP networks. This indicatesthat the succes®of both
networks is highly dependenbn training setsandthat, in general,a goodtraining setfor the RBF systemis alsoa
goodtrainingsetfor the MLPs andviceversa

Figure 3 shaws thatthe areaunderthe curve for the MLP is only slightly largerthanthat for the RBF network,
indicatinga similar level of falserejections. The MLP had 162 falserejectionswhile the RBF systemhad142. So
the RBF network did not succeedn makingsignificantdifferencego the numberof true spealerswho wererejected.
However, Figure4 shows thatthe RBF network significantlyreduceghe numberof falseacceptancesyith only 77
comparedo 264 for the multilayer perceptron.(Theseremarksshouldbe interpretedn light of the ratherarbitrary
thresholdscoreof 0, i.e. therewasno attemptto tradefalseacceptanceandfalserejectionsto producelower total
errors.)

6. Discussion

Although othershave found that RBF networks generallygive betterresultsthanMLPs for spealer recognition they
may not be usingthe RBF network to the bestof its ability. In generalthe RBF network is moreresilientagainsta
badtraining setthanan MLP and,hence providesbetterresults. However, an RBF systemcan provide even better
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Figurel: Total numberof errorsfor (a) MLP and(b) RBF network versustrainingsetindex. Thereare10training
setsfor eachof the 20 spealers.
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Figure2: Separatiorof true andimpostorspealer distributionsin termsof d’ measurdor (a) MLPs and(b) RBF
networks.

resultswith a suitabletraining set. The bestmeansof selectinga suitabletraining setfor spealer recognitionremains
anunresohedissue:however, the resultsof our experimentsndicatethatthe differencein performancéetweerthe
RBF andthe MLP networks may in itself form the basisof a measureof the suitability of a training set. For a good
training set, a significantimprovementwould be expectedfor an RBF network relative to an MLP, whereasa poor
trainingsetwill notshov muchimprovement.
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