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ABSTRACT

Traditionaltext independenspealer recognitionsystemsarebased
on GaussianMixture Models (GMMs) trained globally over all
speechfrom a given speakr. In this paper we describealterna-
tive methodsfor performingspeakr identificationthat utilize do-
main dependenautomaticspeechrecognition(ASR) to provide a
phoneticsggmentationof the testutterance. When evaluatedon
YOHO, several of theseapproachesvere able outperformprevi-
ouslypublishedresultsonthe spealker ID task.Onamoredifficult
corversationakpeechask,we wereableto usea combinationof
classifiersto reduceidentificationerror rateson single testutter
ances.Over multiple utterancesthe ASR dependenapproaches
performedsignificantlybetterthanthe ASR independentnethods.
Usinganapproachwe call spealkr adaptve modellingfor spealker
identification,we wereableto reducespeakr identificationerror
ratesby 39%over a baselinedGMM approachwhenobservingfive
testutterance$rom a spealkr.

1. INTRODUCTION

The mostcommonapproachto speakr recognitiontoday is the
useof global Gaussiammixture models(GMM) [1]. The primary
benefitof the GMM approachis that spealer identificationcan
be performedin a completelytext independenfashion(i.e., no
knowledgeof thewordsspolen by the spealker is required).How-
ever, becausehis approachgnoresknowledgeof the underlying
phoneticcontentof the speechjt doesnot take adwantageof all
availableinformation.

In this paperwe strive to improve uponthe GMM approach
by combiningit with otherclassificatiortechniquesvhich utilize
informationaboutthe phoneticcontentof the speech.Oneof the
disadwantage®f the GMM’ s globalmodelis thattheacoustiovari-
ability of phoneticeventsin thetestutterancds nottakeninto ac-
countwhen comparingdifferent speakrs. Althoughit hasbeen
shavn thatsomephoneticclasse$ave higherspealer distinguish-
ing capabilitiesthan others[2], much of this informationis lost
whenall enrollmentdatais mappedo a singleacousticmodel.In
ourwork we utilize aspeectrecognitionengineto hypothesizéhe
phoneticcontentof thetestutterance We thenusethis knowvledge
duringspealer identificationby applyingrefinedphonedependent
modelsin placeof aglobal GMM. We believe thatthis approachs
feasiblein domaindependenapplicationavhereareliablespeech
recognitionengineis available.
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In additionto exploring thesespeechrecognitionbasedscor
ing techniqueswe introduceatwo-stagescoringframenork which
reducesomputationatiemandgresentedby morerefinedspealer
models.This framework alsoallows usto easilycombinethe out-
put of severaldifferentclassifiers.

Finally, we investigatethe effect of performingspealkridenti-
fication over multiple utterancesTraditionally spealer identifica-
tion systemshave focusedonthegoalof maximizingidentification
ratesover individual, shortutteranceg1-3 seconds)While this is
areasonablenetric for passverd driven verificationtasks,recent
researchhasalso focusedon datataskswhere speakr recogni-
tion is performedover a collective setof utterancedrom a tamget
speakr[3, 4]. Forensicspealeridentification rich transcriptiorof
corversationaldata,and verificationin transactionabpplications
are all scenariosvherea systemwould have accesgo multiple
utterancegprior to makingadecision.

Therestof the paperis organizedasfollows. Firstwe discuss
the implementatiorof two baselineapproacheshatarebasedon
the well-knovn GMM approachintroducedby Reynolds. Next,
we detailtwo newer approachewhich male useof speechrecog-
nition on the testutterance Following that, we give a description
of thecorporaandconditionsfor our experiments Finally, we dis-
cussour resultsandgive future directionsfor our work.

2. IMPLEMENTATION

We distinguishbetweentraditional text independentpproaches
which we classifyas ASR independentand ASR dependengp-
proacheswhich make use of speechrecognitionduring spealer
identification. For eachof the differentapproacheswe usedthe
samesetof front-endacoustideatures.

2.1. ASR Independent
2.1.1. Gaussian Mixture Models

Ourbaselinesystemwasclosely-basediponReynolds’ GMM ap-
proach[1]. For eachinputwaveform,14-dimensiormeannormal-
ized MFCC vectorswerecomputedat a framerateof 10ms.From
the MFCCs, 112-dimensioninput featurevectorswerecreatecdby

concatenatingiveragesof MFCCs from eight different sggments
surroundinghe currentframe. Principalcomponentanalysisvas
thenusedto reducethe dimensionalityof thesefeaturevectorsto

50 dimensions.Global GMM modelswerethentrainedfor each
speakr usingall non-silencdramesin their enrolimentdata.
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Fig. 1. PhoneticallyStructuredsMM scoringframevork

2.1.2. Phonetically Structured GMMs

A recentvariantof the traditional GMM approachs the so-called
“phonetically-structuredGMM methodwhich hasbeenproposed
by Faltlhauseret al. [5]. This methodtrains smaller“granular”

GMMs on separatghoneticclassedor eachspealer, thencom-
binestheminto a larger single model which is usedfor identifi-

cation. By combiningthe variousphoneticmodelsusinga glob-

ally determinedveighting,thismethods lesssensitve to phonetic
biasespresentin the enrolimentdataof individual spealers. Ex-

amplesof the phoneticclasseghatwereusedare: vowels, strong
fricatives, liquids, etc. In total, eight phoneticclassesvere used
for training. During identification,all speechframesfrom the test
utterancearescoredagainsthe combinedmodel,asillustratedin

Figurel.

2.2. ASR Dependent

Thefollowing two approachesequireaspeectrecognitionengine
in orderto generatea hypothesizeghoneticsggmentationof the
testutterance. The generationof this hypothesiss describedn
Section2.3.

2.2.1. Phonetic Classing

Theuseof separat@honeticnannerclassesor speakr modelling
wasstudiedpreviously by Sarma[6]. This techniques similarto

the useof phoneticallystructuredGMMs in thattraining is iden-

tical. PhoneticclassGMMs weretrainedfor eachspealer, but in-

steadof beingcombinedinto a singlespealer model,theindivid-

ual classesvereretained. During identification,eachtestvector
wasassignedo a phoneticclassusingthe phoneticsgmentation
hypothesisprovided by the speechrecognizer The appropriate
phoneclassmodelwasthenusedto scorethe vector This scoring
proceduras illustratedin Figure2.
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Sincetest vectorswere scoreddirectly againstthe granular
GMNMs, thisapproachs similarto the“multigrained” methodpro-
posedby Chaudharkt al. [7]. However, by usingthe phoneclass
assignmenprovidedby thespeechrecognizerthis approactelim-
inatesthe needto scoreagainstevery modelin the speakr’s li-
brary asis requiredby the multigrainedmethod.

2.2.2. Speaker Adaptive Scoring

The previous two approacheattemptto improve uponthe global
GMM approachby usingbroadphoneticclassmodelswhich are
more refinedthanthe global GMM. At a further level of granu-
larity, modelscanbe built for specificphoneticevents. Unfortu-
nately the enrolimentdatasetsfor eachspeakr in typical speakr
ID tasksare not large enoughto build robust spealer dependent
phonetic-l@el models. To compensatéor this problem,we can
drav upontechniquesausedin the speakr adaptatiorfield. This
allows usto build modelsthatlearnthe characteristicef a phone
for a given speakr whensuficient training datais available,and
rely moreon generalspeakr independenmodelsin instancef
sparsdrainingdata.

In thisapproachspealkrdependentegment-basedpeechec-
ognizersweretrainedfor eachspealkr. During identification,the
hypothesizeghoneticsggmentationvasusedto generatehe best
path spealker dependenscore,which was theninterpolatedwith
therecognizes spealkr independenscore. This methodapprox-
imatesthe MAP stratgy for spealkr adaptatior{8]. Mathemati-
cally, if theword recognitionhypothesisassigneachtestvectorz
to aphonej, thenthescorefor spealker i is givenby

Si = logXi;p(z|Mi ;) + (1 = Xij)p(z|M;)]

whereM; ;, M; arethe spealer dependenaindspealkr indepen-
dentmodelsfor phonej, and J;,; is aninterpolationfactorgiven
by

Ni,j

ij =
? Nij + T

In this equationn; ; is the numberof training tokensof phonej
for speakr ¢, andr is anempiricallydetermineduningparameter
thatwasthe sameacrossall speakrsandphones.
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2.3. Two Stage Scoring

In our systemwe utilized atwo-stagemethodto calculatespealker
scoresThisframework is illustratedin Figure3. In thefirst stage,
the test utteranceis passedn parallel through a speechrecog-
nition moduleanda GMM spealkr ID module,which is imple-
mentedusingthebaselineapproachThespeectrecognitionmod-
ule producesa time-alignedphonetichypothesiswhile the GMM
speakr ID moduleproducesanN-bestlist of hypothesizedpeak-
ers.Theseresultsarethenpassedo the next stagewhereasecond
classifierrescoresachspealkr in the N-bestlist usingoneof the
refinedtechniqueslescribedabore.

This two-stagescoringmethodis usefulin anumberof ways.
First, by usingthe GMM speakr ID modulefor fast-matchwe
reducepost-recognitionatengy by limiting the searchspaceof
speakrspresentedo thesecondstage ldentificationperformance
is not significantlyaffectedsincethe probability of N-bestexclu-
sionof the targetspealker by the GMM modulecanbe madearbi-
trarily low by increasingN. Furthermorethereis little increasen
pre-identificatiorlateng for the ASR dependenapproachesince
the GMM scoringproceedsn parallelwith word recognition.An-
other adwantageof this framework is that scoresfrom multiple
classifiercanbe usedandcombinedn the secondstage.

3. EXPERIMENTS

3.1. Corpora

For evaluation,we usedtwo significantly differentcorpora. The
first corpus,YOHO, consistedof 138 spealers readingsix digit
combinationlock phrasesandwasrecordedn alow noiseoffice
ervironment[9]. Althoughrecordingwasdoneon a high-quality
telephonéhandsetthe speechwasnot passedhroughatelephone
channel.Training datais madeup of 96 enrollmentphrasesvhich
areidenticalover all speakrs. On average eachspealkr hasap-
proximately180second®f speectrainingdata.

To simulateamoredifficult variableconditiontask,we created

Error Rate (%)

Method YOHO | MERCURY
BaselineGMM 0.83 22.4
PhoneticallyStructuredGMM (PS) | 0.31 21.3
PhoneClassing(PC) 0.40 21.6
Spealer Adaptive (SA) 0.31 27.8
Multiple ClassifierdGMM+SA) 0.53 19.0
Multiple ClassifierqPS+SA) 0.25 18.3

Table 1. Comparisonof identificationerror ratesfor eachap-
proachon YOHO andM ERCURY datasets

a secondcorpusout of speakr-labelleddatataken from the MIT
MERCURY airlinetravel informationsystem10]. The MERCURY
datasetconsistedf variablelengthspontaneouspeechutterances
gatheredrom 38 speakrsacrossa variety of telephonechannels
andhandsetsTrainingdatais limited to approximatelybOvariable
lengthutteranceperspealer. Thetotalamountof trainingdataper
speakr rangesrom 30 secondgo 90 second®f actualspeech.

3.2. Experimental Conditions

For both corporawe useddomaindependenimplementationof
the MIT SumMmIT speechrecognizer[11]. On the YOHO data
set, the vocahulary waslimited to allow only the setof possible
numericalcombinationlock phrases.On the MERCURY dataset,
therecognizewaslimited to a2200word vocalulary for corver
sationalqueriesregardingairline travel. Empirically determined
parametersuchas classifiercombinationweightsandinterpola-
tion parametersvere found by tuning on an independentet of
MERCURY developmentdata.

4. RESULTS

For this project,we choseto confineour experimentsto the task
of closed-setdentificationratherthan spealr verification. The
motivation for doing so wasto comparethe relative spealker dis-
tinguishingcapability of eachsystemwithout having to consider
the effect of differentbackgroundmodel normalizationschemes
requiredfor verificationtasks.

We first computedresultsfor the closedsetidentificationtask
over individual utteranceswhich are shavn in Table 1. When
comparingheperformancef thedifferentclassifierswe obsered
thaterrorrateson the YOHO corpuswereuniformly low. In par
ticular, we notedthat our bestresultson the YOHO corpusout-
performedthe bestpublishedresultsfor this task[9]. With the
exceptionof systemsinvolving the GMM baseline,eachof the
classifiersproducedbetweenl4 and 22 total errorsout of 5520
testutterancesmakingthe differenceshetweentheseapproaches
stasticallyinsignificant.

On the MERCURY dataset, the comparatre performanceof
eachsystemis more evident. Both the phoneticallystructured
GMM systemand the phoneticclassingsystemgive slight im-
provementsover the baseline while the spealer adaptve system
hasa highererror ratethanary of the otherapproachesAcross
all systemswe obseredthaterrorratesweresignificantlyhigher
onthe MERCURY taskthanon YOHO, clearlyillustrating the in-
creasedlifficultiesassociatewvith spontaneouspeechnoise,and
variable channelconditions. Thesefactorsalso led to a higher



Error Rate (%)
Method 1Utt | 3Utt | 5Utt
BaselinglGMM) | 22.4 | 14.3 | 13.1
PS 21.3| 156 | 143
PC 216 | 149 | 138
SA 278 | 103 | 74
GMM+SA 19.0 | 9.7 7.5
PS+SA 183 | 11.2 | 8.0

Table 2. ID errorratesover 1, 3, and5 utterance®n MERCURY

word error rate on the MERCURY data,which partially explains
why the recognitionaided systemsdid not yield improvements
over the baselineGMM methodas obsered with YOHO. How-
ever, we saw thatby combiningthe outputsof multiple classifiers,
lower overall errorrateswereachiezed on both corpora.

In orderto testthe performanceof thesemethodson multi-
ple utterancesye performedadditionalexperimentson the MER-
CURY corpus.ldentificationerrorratesover 1, 3, and5 utterances
areshavn in Table2. For all methodsscoringover multiple utter
ancegesultedn significantreductionsn errorrates.We obsenred
thatthe speakr adaptve approachattainedthe lowesterrorrates
amongthe individual classifiersasthe numberof testutterances
wasincreasedFigure4). Moreover, asthe numberof utterances
wasincrease@ast3, the performanceof the combinedclassifiers
exhibited no significantgainsover the spealer adaptve approach.
Whencomparedo the next bestindividual classifier the spealker
adaptve approachyielded relative error rate reductionsof 28%,
39%,and53%o0n 3, 5, and10 utterancesespectiely.

5. CONCLUSIONS

In this paper we evaluatedspealker modelling techniqueswhich
male useof speechrecognition. By focusingon domaindepen-
denttasksandusinga two-stagescoringsystemwe wereableto
implementthesetechniquesn a computationallyfeasiblemanner
Onthe YOHO corpus,we wereableto useclassifiercombination
to attainextremelylow identificationerrorrates.For themoredif-
ficult MERCURY task,we alsoobsered significantimprovement
on single utterancesy using classifiercombination. Over mul-
tiple utteranceshowever, we foundthat spealkr adaptve scoring
yieldedthegreatesgainswhencomparedo the otherapproaches.

6. FUTURE WORK

We plan to further investigatethe use of spealkr adaptve scor
ing in extendedspealker verificationtasksby implementingaback-
groundmodelscoringschemeOneusefulapplicationof thistech-
nigue would be in the MERCURY domain, where usersidentify
themselesat the begginning of the sessionbut usuallygo through
several non-criticalqueriesbeforeattemptingto performa secure
transactionsuchasticket purchase.In this type of scenariothe
systemwould have accesdo several utterancesrom the tamget
spealkr prior to makinga verificationdecision.

In additionto the spealer modellingapproachesliscussedn
this paper we plan to incorporatethe use of noiserobust mea-
surementssuchasformantlocations fundamentafrequeng, and
durationinto thefeaturesetusedfor speakr identification.
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Fig. 4. ID errorratesover multiple utterance®n MERCURY
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