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Abstract

An investigationinto the performancef currentspealer
veri cation technology within a multilingual contet
is presented. Using the Oregon Graduate Insti-
tute (OGI) Multi-Language TelephoneSpeechCorpus
(MLTS) databasewe foundthatthe performancef text-

independenspealer veri cation dependdairly strongly
onthelanguagebeingspolen,with equalerrorratesdif-

fering by more than a factor of three betweenthe best
andworst performinglanguages.t wasalsofound that
training language-speci cuniversal backgroundmod-
els, to normalize spealers' scores,gives better results
thanbothlanguage-independebackgroundnodelsand
backgroundnodelsderivedfrom relevantlanguagdam-
ilies.

1. Intr oduction

A spealerveri cation systenneedgo determinevhether
or not a personis indeedwho he or sheclaimsto be,
basedn oneor morespolenutteranceproducedy that
individual [1]. A securitysystembasedon this ability
hasgreatpotentialin severaldomains- it is, for example,
ideally suitedfor telecommunicationapplicationssince
it is non-intrusve, fast,andusablewith normalland-line
or cellulartelephones.

Two forms of spealer veri cation aretypically dis-
tinguished,namelytext-dependenandtext-independent
veri cation [2]. In a text-dependensetup,a predeter
mined group of words or sentencesre usedto enroll a
set of spealers, and thesewords or sentenceare then
usedto verify the spealers[1]. In a text-independent
system,no constraintis placedon what canbe said by
the spealer. Text-dependensystemsare typically used
in combinationwith passphrasesor personaldenti ca-
tion numbersn anexplicit veri cation protocol,whereas
text-independensystemsgenerallyoperatein the back-
ground, performingimplicit veri cation while the user
is performingothertasks(e.g. talking to an agentor a
speech-recognitiogystem).In the currentpaper we fo-
cusour attentionon text-independenteri cation.

The most popular modelling approach for text-
independensystemsemploys Gaussiamixture models
(GMMs) to model the probability densitiesof acoustic
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vectorsproducedby a spealer. This semi-parametric
modelling method can representan arbitrary probabil-
ity density[3], andcanefciently be calculatedandup-
dated as additional data becomesavailable. In addi-
tion, nolanguage-speci énformationis requiredfor this
process;hence,multilingual spealer veri cation is rel-
atively straightforward comparedo the complexities of
othermultilingual speech-processirgystems.An adap-
tive spealertrainingmethodproposedy Reynoldsetal.,
(referredto asa coupledtrainingschemesinceaspeci ¢
modelis adaptedrom anothemodel)hasbeenshovn to
outperforma decoupledraining method,in which each
spealer's modelis trainedindependently3]. In the cou-
pled training scheme a spealer's modelis obtainedby
adaptinga combinationof parametergrom a universal
backgroundmodel (UBM). A UBM is a GMM trained
with a combinationof spealers from either the same
databases the test population,or a differentdatabase.
The adaptatiorof the UBM parameterss determinedy
thespealer's data[3] — thus,spealer speci ¢ modelsare
created.

In a spealer veri cation systema threshold(usually
a log-likelihood score)is usedto either acceptor re-
ject a spealer. The valueof the thresholdcanbe deter
mined using extra datacollectedfrom the spealer dur-
ing the enrolimentphaseandcanbealteredduringappli-
cation of the system,to more closely representhe op-
timal thresholdvalue of a speci c spealer, throughout
the useof the system.To improve averi cation systems
performance[4] proposedhatthelog-likelihoodscore,
whichresultsfrom applyingatestutterancdo aspealer's
model,shouldbe normalized.This is achiezed by using
ascoregeneratedrom a subsidiarymodel,known asthe
cohortspealer model. A cohortis a selectionof speak-
erswhosevoice characteristicelosely matchthe target
spealer. The cohortmodelis trainedusingthe selected
group'straining data. It wasfoundin [4] thatasthe co-
hortsizeincreasedodid the performancef theveri ca-
tion system.

To date,a large majority of spealer veri cation sys-
temshave beenoperatedin a single-languagesrviron-
ment. For usein a highly multilingual contet (such
as South Africa, India, and much of the developing
world), the effect of multiple languagen state-of-the-



art spealer veri cation systemaeeddo be investigated.
This paperinvestigateswo importantissuesin multilin-
gualspealerveri cation, namely

the dependenceof text-independent spealer-
veri cation accurag onthelanguagespolen,and

the designof an appropriateUBM for multilin-
gualspealerveri cation; in particular whetheiit is
preferableo pool speecHrom differentlanguages
in creatingsuchamodel.

Theremainderof the paperis organizedasfollows: sec-
tion 2 describeghe OGI databasesection3 detailsthe
veri cation system,section4 outlinesthe experimental
setup,datausedin the experimentsandresultsobtained.
Finally, section5 discussesheresultsobtained andpro-
posege nementsandextensionsof thisresearch.

2. MLTS Database

TheOGI [5] multi-languageelephonespeecltorpusvas
usedin all our experiments. The data presentin the
databasés telephonequality speechsampledat 8000
Hz. The databaseconsistsof speechin eleven lan-
guageshamelyEnglish, French,Farsi, Hindi, German,
JapaneseKorean,Mandarin, Tamil, Spanishand Viet-
nameseg6]. With the collection of data, eachpartici-
pantwaspromptedfor x ed,region-speci canduncon-
strainedvocahulary speech.

In the x edvocahlulary section,spealerswereasled
their native language(3s), languagespoken most of
the time (3s), the days of the week (8s) and numbers
zero through ten (10s). Next, in the region-specic
sectionspealers were asked for hometavn preferences
(10s), hometavn climate (10s), occupiedroom descrip-
tion (12s)anda descriptionof the their mostrecentmeal
(10s). Finally, in the unconstrainegectioneachspealer
was promptedto talk for one minute on a topic of their
choice. This minute of speechwasthenseparatednto a
fty andtensecondportion. The minute of free speech
was not just split into the two portions,asthe spealers
werewarnedthatthe fty secondnterval is up andthat
they mustbring their speecho acoherenend[6].

It must be noted that the databaseis incomplete
sincemary of theindividual spealershave missingdata
recordings.

3. Theveri cation system

Thespeectsignalprocessin@ndfeatureextractionwere
performedwith the HCopy programavailable as part of
the HiddenMarkov Model automaticspeechrecognition
toolkit (HTK) [7], andreasonablg@arametersvere cho-
senbasedon a combinationof experimentatiormndsug-
gestionsin the publishedliterature. A 36 dimensional
featurevector was used,madeup of 18 mel-frequeng

cepstrakoefcients andtheir rst-order derivatives. The
rst-order derivativeswere approximatecover the three
previous and successie samples.The coefcients were
extractedfrom a 20-msframe of speechevery 10-ms,
with noliftering appliedto theresultingcoefcients. The
Iter bankusedin derving the cepstralcoefcients con-
sistedof 20triangular Iters andwasconstrainedo afre-
gueny bandof 300-3400Hz. No linear or non-linear
channelcompensatiortechniqueswere applied to the
speectsignalor resultingcoefcients.

The Gaussiammixture modelusedfor boththe UBM
and spealer model consistedof 512 mixturesand diag-
onal covariancematrices. The procedureto createthe
UBM modelwasto train the spealer modelsusing the
spealer's datawith the expectation-maximizatioEM)
algorithmandthento nd theaverageof all thesemodels.
The spealer modelswere createdfrom the UBM model
by adaptingthe meanvectorsonly andusinga relevance
factorof 16 (basedonresultsin [3]).

4. Experiments

We rst selecteda setof languageshatweresuitablefor
our cross-languagexperimentsasmentionedabove, the
MLTS databasés incompletein that someof the phone
recordsaremissingor extremelybrief for certainspeak-
ers. Thereforethe rst taskwasto nd all spealkrswho
had produceda setof preselectedecordings. The fty
secondree speechrecordingwaschoserfor trainingthe
spealer models; the remainingten secondfree speech
segmentwasusedfor testing,while thetenseconchome-
town climate recordingswere usedfor determiningthe
spealer'sthresholdscores.

Additionally, it was obsened that the two shorter
recordingschosenfor our experiments,which are each
nominally 10 secondsin duration, were actually much
shorterfor mary spealers;thus,furtherspealerswerere-
movedfrom thedatabasevhenaminimumdurationlimit
of ve seconddgor eachrecordingwasnot met. Eventu-
ally, atotal of 370spealersremainedn the experimental
database The differentlanguagesnd spealer numbers
thatmadeup the experimentdatabasaresummarizedn
Tablel.

As canbe seenin Table 1 the Farsi, Hindi, Korean
andVietnameséanguagesvereremovedfrom theexper
imentsinceaninsufcient numberof spealersremained
in eachof thesdanguages.

The training termination criteria for both the EM
andadaptve trainingalgorithmswerechoserasfollows:
whenthe value of the log-likelihood scorewent belov
10% of the previous scores valueor if 30 trainingitera-
tionswerereachedtrainingwasterminated.



| Language| Female| Male |

English 30 76
French 9 26
German 23 33
Japanese 16 30
Mandarin 15 20
Spanish 13 38
Tamil 5 36

Table1: Languagesrom OGI MLTS thatwere usedfor
cross-languagexperimentsandthe numberof spealers
(femaleandmale)perlanguage.

4.1. Experiment 1

For the rst experiment,both language-speci dUBMs

andall-languagdJBMs weretrainedandusedto normal-
izeindividualspealers'scoresTheplotsin gure 1showv

the DET curves[8] obtainedfor the seven languagesn

our corpus;the legendindicatesthe languageestedand
thelanguage(siisedto trainthe UBM. Thekeyword “en-

tire” meanghatall thelanguagelatawasusedo trainthe
UBM, and the Spanishresultsare repeatedn all three
graphsin orderto provide a basisfor comparison.

As canbe seenin gure 1, the plots are someavhat
irregular, asis to be expectedrrom thelimited numberof
testspealers perlanguage.Spanishand Tamil werethe
bestperforminglanguageswith equalerrorratesaround
3%. For Frenchjn contrastthemeasure@qualerrorrate
wasalmost10%,andfor Germanaroundd%.

The othersalientfactin these gures is thatall lan-
guageswith theexceptionof Tamil, performbetterwhen
alanguage-speci tJBM is employed. Thisphenomenon
wasexploredin furtherdetailin Experiment2.

4.2. Experiment 2

In this experiment,we wantedto seewhetherUBMs in-
termediateto both the language-speci cand language-
independenmodelscould be found with betterperfor
mancethaneither Thus, two “language-group’'UBMs
were trained, namelya GermanicUBM (using English
and Germandata),anda RomanceUBM (usingFrench
and Spanishdata). The two UBMs that resultedwere
then usedto normalizethe languagesnvolved in their
creation.

In both gures 2 and3, the DET curvesindicatethat
the Germanicand RomancedJBMs werea betterchoice
over the UBM trainedwith all the data. The Germanic
andRomancdJBMs shav comparabl@esultsn compar
isonwith the same-language/BM, but are consistently
somavhatinferior.
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Figurel: The DET curvesfor differentlanguagesising
variousUBMs. The UBMs wereeithertrainedwith data
from thetargetlanguageor with theentiredatabas€¢EN-
TIRE).
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Figure2: DET curvesfor Frenchand SpanisHanguages
usingdifferentUBMs. The UBMs weretrainedwith a
speci ¢ languages data, with the entire databasgEN-
TIRE) or the Romancdanguage-grougata.
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Figure3: DET curvesfor EnglishandGermananguages
using different UBMs.The UBMs were trained with a
speci ¢ languages data, with the entire databasgEN-
TIRE) or the Germanidanguage-groupata.

5. Conclusion

We nd substantiaflifferencesn thespealer-veri cation
accuracie®btainedwith differentlanguagesThesedif-
ferencesdo not correlatewith the numberof training
spealersor thetotal durationof availablespeechwhich
suggestghat theseare real interlanguagedifferences.
The existenceof suchdifferencesis not unexpectedin
light of the differencedn phoneticcontent,phonotactic
constraintsspeakinghythmsetc. thatexist amongsthe
differentlanguages However, the magnitudeof the ob-
senedlanguagdifferencess quite surprising.

It is also consistentlyseenthat language-specic

UBMs leadto improved veri cation over more general
backgroundmodels(i.e. thosetrainedwith datawithin
alanguagdamily, or acrossall data). This is interesting
in light of the fact that fairly limited training datawas
available,sothatlanguage-independebiBMs mayhave
beenexpectedo bene t from theadditionaltrainingdata.
We thereforeexpectthatthis bene t of language-speci ¢
UBMs will be evenmorepronouncedn the presencef
largertraining corpora.

All of the experimentsn this paperwerecarriedout
with the OGI MLTS corpuswhichwasoriginally notde-
signedfor thepurposeof spealerveri cation. It wouldbe
interestingo repeathesemeasurementsnothercorpora
with largernumbersof spealkersperlanguagein orderto
asseshow robusttheseresultsare. It would alsobeinter
estingto systematicallyinvestigateotherlanguagefami-
lies,andto understandhefactorsthatdeterminespealer-
veri cation accurag in agivenlanguage.
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