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ABSTRACT

Most state-of-theart spealer verification systemsneeda
usermodelbuilt from sampleof the customeispeechand
a spealer independen{(Sl) backgroundmodel with high
acoustiaesolution.Thesesystemsely heavily ontheavail-
ability of spealerindependentiatabasealongwith a priori
knowledgeaboutacoustiaulesof theutteranceanddepend
ontheconsisteng of acoustiaconditionsundemwhichthe Sl
modelsweretrained. Theseconstraintsmay be a burdenin
practicaland portabledevicessuchaspalm-topcomputers
or wirelesshandsetsvhichplaceapremiumoncomputation
andmemory andwheretheuseris freeto chooseary pass-
word utterancen ary languageunderary acousticcondi-
tion. In this paperwe presenfanovel andreliableapproach
to backgroundnodeldesignwhenonly theenrollmentdata
is available.Preliminaryresultsareprovidedto demonstrate
the effectivenesof suchsystems.

1. INTRODUCTION

Spealer verificationis the task of automaticallydetermin-
ing whetherthe claimedidentity of a spealer is correct,
given somespeechobsenations[1]. State-of-the-arfixed
phrasespealerverificationsystemwerify theidentity of the
spealerthrougha Neyman-Pearsotestbasedn a normal-
ized likelihoodscoreof a spolen pass-phrasg]. If A. is

the customemodel, given someacousticobsenations X,

the normalizedscores, rm (X, A¢) is usuallycomputedas
theratio of thelikelihoodsasfollows:

p(X; ’\c)

Snorm(X; /\c) p(XQ/\B) ) (1)
wherep(X; \) isthelikelihoodof theobsenationsX given
themodel), and A g is a so-calledbackgroundnodel. The
customemodelis usuallya hiddenMarkov model(HMM)
built from repeatediutterancef a pass-phrasspolen by
the customeduring enrollment. This modelis usuallycre-
atedeitherby concatenatinghone-basedustometHMMs
or by directlyestimatingawhole-phraséiMM [3]. Theback-
groundmodelis usuallyaHMM thatreducegheneedfor a
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Figurel: Architectureof atraditionalphrasebasedspealer
verificationsystem(adaptedrom [3]).

spealer dependenthreshold,andis built by concatenating
spealer independenphonemodelsof the customerpass-
word. In applicationswhereit is desirableto give the cus-
tomerthe freedomto selecthis own passwverd phrasemost
traditional systemsassumethat the phonetictranscription
of customermassverd is available,which in turn assumes
the availability of pre-trainedmulti-lingual phonemodels,
dictionariesand a set of letterto-soundrules for the par
ticular language.Becausegood phoneend-pointsare nec-
essary a spealer independenphonerecognizemight be
usedto derive the phonesggmentation. The whole archi-
tectureof suchspealer verificationsystemcanthereforebe
quitecomplicatedcf. Fig 1). Furthermoreagoodsetof Si
backgroundhonemodelsoftenimply eachmodelto have
a large acousticresolution,i.e., more mixture components
per state,in orderto have a good performancege.g. [3]).
This meansa higherdemandof computationand memory
requirementwhich may not be desirablefor applications
runningon hand-heldlevicessuchaspersonatigital assis-
tants,palm-topcomputeror wirelessphones.Thereis also
an issueof robustness the backgroundSl phonemodels
provided by the systemmay exhibit very differentacoustic
propertiesfrom the operatingcondition. For practicaland
portableapplicationsthe previousrequirementgarenotac-
ceptableandarea burdenon the customerandthe system
developer The customemaywantto selecta passverd in
ary languagemay chooseto performspealer verification
with arny microphoneaunderary acousticcondition.

Our goal in this work is to build a flexible, portable



spealerverificationsystemwhichminimizestheconstraints
on the customerandsimplifiesthe whole systemarchitec-
ture. We assumehatthe only speectmaterialavailableis
the setof enrolimentutterancegprovided by the customer
thatthe customelis freeto selecta passverd phrasen ary
languageandthatno spealerindependentodelsareavail-
able.We will shaw thateventhoughthe systemis built with
no prior information,the performancas appreciablygood,
thoughit doesnot matchthat of a systemusingvery high
resolutionS| phonemodels.But thefocusindeedis on the
flexibility and simplicity provided by our novel approach.
Theprinciple of sucha systemis explainedin the next sec-
tion.

2. PRINCIPLE

Our working assumptioris that the customerwill choose
his/herown passwerd phraseandwill beaskedto repeathis
utteranceseveraltimesfor enroliment.No otherspeectdata
or modelis available, nor orthographicor phonetictran-
scriptionof the passvord utterance.
Theacoustignformationin thecustomepasswerdphra-
seis modeledusing a whole-phraseHMM, ., estimated
from the enrollmentutterancesOnedisadwantageof using
a whole-phrasenodelis that pauseswvithin the phrasecan
be hardto model,and might upsetthe decodingand com-
putationof p(X; A.). However, in mostpracticalsituations,
passwerd utterancearevery short(lessthan2 secondsand
long pauseareunlikely.
Typicalstate-of-thartspealerverificationsystemsuild

backgroundmodelsfrom spealer independentdatabases.

Somestudiesadwcatethatthebackgrounanodel\ g should
be derivedfrom spealkersrandomlyselectedrom a spealer
independentatabas@4]. Otherssuggesto selectspealers
that are “close” to the customeyr and are thereforerepre-
sentatve of thepopulationneartheclaimedspealer (cohort
spealers)[2, 5], whichis expectedo improvetheselectvity
of the systemagainstvoicessimilar to the customer Such
a scenariois impracticalfor portableapplicationssincea
speechdatabasevould have to beprovidedto the customer

Sincecohortmodelingemphasizethe useof spealers
having acoustiacharacteristicsimilarto thecustomein or-
derto train the backgroundnodel,we proposeto build the
backgroundmodel Ag directly from the customerenroll-
mentutterances.Of course,to end-upwith a background
model g differentfrom the customemodel )., it is nec-
essarnyto perturbthe modelAp afteror duringtraining, or
to perturbthe enrollmentdatabeforeestimatingthe model.
This can be donein mary ways, for example by adding
noiseto the enrolimentutterancedeforeestimatingh g, or
by perturbingthe varianceof the backgroundmodel after
training.

In this paper we proposetwo differenttechniquesto
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Figure2: Proposedirchitectureof a phrasespealer verifi-
cationsystem.

perturbAp. Thefirst oneis to usea backgroundnodel\p
having a small numberof parametergomparedo A., and
thereforea cruderacoustiaesolution. The model ). is de-
signedto provide afine acoustiaesolutionof thepassverd-
phrasewhile themodelAg only providesaroughacoustic
resolution. This canbe doneby usinga small numberof
statesfor A\p comparedo \.. Thearchitectureof the pro-
posedsystemis thereforevery simple,andis represented
Fig. 2. Ap actslike ananti-customemodel,andeachcus-
tomerhashis/herown anti-model. The customemodel )\,
consistof alargenumberof statessay25, while the back-
groundmodelconsistof a smallnumberof statessayless
than5. With suchanarchitecturethe custometrcanchoose
ary passwerdin ary languageno spealerindependentlata
is used,andsomeusefulacousticmormalizationis provided
with the backgroundnodel. Sincebothmodels), andAg
are trainedfrom the samedata, thereis no acousticmis-
matchrelatedo theervironmentbetweerthesewo models.
That contrastswith systemausing pre-trainedbackground
modelswhich arerathersensitve to changesn the environ-
ment,andmightneedto imposesomeadditionalconstraints
onthe user like for examplethe useof a particularmicro-
phone.

The secondtechniqueis to train a backgroundmodel
aspreviously describedandto reversethe stateorderafter
training, for examplestate5 becomingstatel, state4 be-
comingstate2, andstate3 beingunchangedor a 5 states
backgrounddMM. By perturbinghetemporainformation,
but still keepinga spectralinformationrelatedto the cus-
tomermodel,we obtaina backgroundnodelmore“smear”
thatcanstill provide someacoustimormalizationvhencom-
putingthelikelihoodratio.

3. EXPERIMENTSAND RESULTS

3.1. Database Description

The experimentakvaluationis carriedout usinga database
of spolenphrasesecordedligitally overthetelephonenet-
work. Volunteersandpaidsubjectsecordeditterancefrom
theirhome officeor otherphonesy dialingatoll-freenum-
ber, andwereencouragetb useavarietyof phonesgxclud-



ing spealerphonessothatarangeof conditionsaresampled
over the differentrecodingsessions.The datausedfor the

purposeof this evaluationconsistsof a phrasecommonto

all spealers(“l pledgeallegianceto theflag”).

The databaseontainsutterancespolenby 100 speak-
ers, 51 malesand 49 females. Eachspealer provided 5
tokensof the commonphrasein a single training session.
Two tokensof the commonphrasewere also recordedin
eachof 25 testingsessionsConsequentlya total of 50 test
utterancdokensareavailablefrom eachspealer. For each
spealer, 2 sessiong4 utterancespf the samesex spealers
arealsousedasimpostertestdata,which is an averageof
200imposterutteranceperspealer.

3.2. Front-end Processing

The signalis first passedhrougha 3200Hzlow-passanti-
aliasingfilter. A 300Hz high-pasdilter is thenappliedto
minimizetheeffect of processingn thetelephonenetwork.
The resultingsignalis pre-emphasizedsing a first order
differenceand10thorderlinearpredictive coding(LPC) co-
efficientsarederivedevery 10msover 30msHammingwin-
dowedsegments.The 10 LPC coeficientsarecorvertedto
12th order cepstralcoeficients (LPCC) and a featurevec-
tor of 24 components;onsistingof 12 LPCCandtheir first
derivativesis producedat eachframe.

3.3. System Description

The spealer verificationsystemis operatedn atext-depen-
dentmode. For evaluationpurposeall customerdave the
samepassverd phrase put the systemarchitecturds such
that eachspealer could selecthis own passverd. Three
models, )., A\g and \,; arebuilt for eachcustomer The
detailedmodel )\, is a left-to-right HMM, consistingof 25
stateswith up to 4 Gaussiammixture componentper state.
The crudebackgroundnodel Ap is a 5-states|eft-to-right
HMM with 4 Gaussiammixture componentger state. A
silencemodel \,;, consistingof 3 statesand 4 Gaussian
mixture componentss alsotrainedfor eachcustomer All
Gaussiarprobability densityfunctionshave a diagonalco-
variancematrix. Someexperimentshave beencarriedout
using an even cruderbackgroundnodelwith only 1-state
and4 mixtures,whichis simply a Gaussiammixture model.
All modelsaretrainedusingthe sgmentalX-meansalgo-
rithm [6], followedby 5 iterationsof the EM algorithm,us-
ing the 5 training utterances.The covariancematricesof
thedetailedmodel )\, aretied in orderto getamorerobust
estimation.

For eachtestutterancea Viterbi decodings performed
usingthe detailedmodel \. andthe silencemodel \y; to
find theoptimalstateseggmentatiorandgeta speech/silence
segmentation. The speechsegmentis also decodedusing
the backgroundnodel Ag. Averagelog-likelihoodscores

EER Raw Score| NormalizedScore
Male 7.63 4.67
Female 9.38 6.59
Average 8.49 5.61

Table 1: Averageindividual equalerror rates(EER). 25-
statescustomemmodel, 1-statebackgroundmodel, 4 mix-
turesper states.Both customerandbackgroundnodelare
trainingusingK-meandollowedby 5 EM iterations

log p(X|A.) andlog p(X |Ap) areobtainedoverthe speech
seggmentfor thetwo models). andAp.

Two verificationscoresareusedto evaluatethe perfor
manceof the system. Thefirst one, 3,4, = logp(X|A.),
called“raw” scorejnvolvesonly thelog-likelihoodderived
fromthemodel)\.. Theseconane,s,,rm = log p(X|Ac)—
log p(X|Ag) is the normalizedscorecorrespondingdo the
log-likelihoodratio. A priori thresholdsarenot assignedn
our experimentsand the systemperformances evaluated
from averageindividual equal-errorates. Equal-errorrate
is calculatedby sortingcustomerandimposterverification
scoresandfinding the scorevalue suchthatthe fraction of
customeiscoredessthanthatvalueis equalto the fraction
of imposterscoreggreaterthanthat value. This fractionis
the equal-errorrate, meaningthatif the decisionthreshold
is setto thatscorevalue,thefalserejectionrateis equalto
thefalseacceptanceate. The equal-errorateis derivedin-
dividually for eachspealer andaveragedver maleandfe-
malespealersto getanaveragendividual equalerrorrate.

3.4. Results

In afirst setof experimentswe useda 1-statebackground
model\p with 4 Gaussiamixture per state.We recallthat
the customemodel ). is a 25-statesHMMs, usingtied di-
agonalcovariancematrices.The averageequalerrorrateis
givenin Table 1 for male and femalespealers, usingthe
raw andnormalizedscores.The normalizedscoreprovides
asignificanimprovemenbvertheraw score andillustrates
thata backgroundnodelcanbe built without any spealer
independendata.

In asecondsetof experimentsywe increasedhenumber
of statesn the backgroundnodelto checkwhetherincor-
poratinga temporalinformationin the backgroundmodel
would improve the performance Resultsin table2 areob-
tainedusinga 5-statesbackgroundnodel. The raw scores
arethe sameasin table 1 sincethe raw scoredoesnot in-
volve the backgroundnodel. A degradationof the EERis
obtained,comparedo the single statebackgroundmodel.
That contrastsvith systemsausingspealer independenba-
ckgroundmodelswheretemporalinformationin the back-
groundmodelprovide a significantimprovementover a 1-



EER Raw Score| NormalizedScore
Male 7.63 5.62
Female 9.38 7.15
Average 8.49 6.37

EER Raw Score| NormalizedScore
Male 6.49 5.29
Female 7.69 6.80
Average 7.08 6.03

Table 2: Averageindividual equalerror rates(EER). 25-
statescustomemodel, 5-statebackgroundmodel, 4 mix-
turesper states.Both customerandbackgroundnodelare
trainingusingK-meandollowedby 5 EM iterations

Table 4: Averageindividual equalerror rates(EER). 25-

statesustomemodel,5-reversedstatehackgroundanodel,

4 mixturesperstates.The customemodelandbackground
modelaretrainedusing K-meansonly.

EER Raw Score| NormalizedScore
Male 6.49 4.99
Female 7.69 6.62
Average 7.08 5.79

State-of-thertspealerverificationsystemsely ontoomary

4. CONCLUSION

Table 3: Averageindividual equalerror rates(EER). 25-
statescustomemodel, 1-statebackgroundmodel, 4 mix-
turesper states. The customemodelis trainedusing K-
meansonly. The backgroundmodelis trained using X-
meandollowedby 5 EM iterations

statebackgroundnodel[3].

Theraw EERwe obtainedaredifferentfrom whatPartha-
sarathyet al. obtainedon the samedatabaseincePartha-
sarathyet al. pluggeda spealer independenvarianceinto
the customemodel .. Anotherdifferenceis thatwe used
several iterationsof the EM algorithm after the X-means
trainingwhile Parthasarathet al. only usedK-means.In
a third setof experimentswe reproducedhe first experi-
mentwithout EM iterations.Resultsaregivenin table3. A
significantimprovementof theraw EERis obtainedwhile
thenormalizedEERIs almostunchangedut still morethan
15%betterthantheraw score.Thatillustratesthe sensitv-
ity of theraw EERto implementatiordetails,andtherefore
theneedfor anormalizatiorschemeo improvethesystems
robustnessHowever, we shouldpoint out thatthe obtained
improvementis still far from the typical 50% of improve-
mentthatcanbe obtainedusingspealerindependenback-
groundmodelson this database.

In alastsetof experimentswe investigatedhe ideaof
creatinga backgroundghrasemodelby reversingthe order
of the statesafter training. A 5 statesbackgroundmodel
HMM was trained, and after training, the statesequence
wasinverted. Theresultsaregivenin Table4. Theresults
areslightly betterthatwhatwasobtainedusingthe original
stateorderin Table2, andconfirmthatabackgroundnodel
canbedesignedrom theuserenrollmentdata,whenanap-
propriatesmearingtechniqueis provided. Furtherwork is
neededo definea smoothingtechniquethat would reduce
thegapin performancédetweera spealer dependenanda
spealerindependenbackgroundnodel.

assumptionsik e for examplethe availability of spealerin-
dependentlataor modelsor of a transcriptionof the pass-
word phrase. Theseassumptiondimit the designof flex-
ible spealer verification applicationsfor portabledevices
suchaspalm-topcomputersandsomenew techniquesre
thereforeneeded. This paperpresentgreliminary results
towardsthis goal,wherewefocusonthedesignof aspealer
verification systemwhere the only dataavailable are the
customerenrollmentutterances While our resultsare still
far from the performancdevel that can be obtainedwith
likelihood ratio scoresderived using spealer independent
backgroundnodels,someencouragingmprovementshave
beenobtainedcomparedo the useof a simplelikelihood
score.
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