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ABSTRACT
Most state-of-theart speaker verification systemsneeda
usermodelbuilt from samplesof thecustomerspeech,and
a speaker independent(SI) backgroundmodel with high
acousticresolution.Thesesystemsrely heavily ontheavail-
ability of speakerindependentdatabasesalongwith a priori
knowledgeaboutacousticrulesof theutterance,anddepend
ontheconsistency of acousticconditionsunderwhichtheSI
modelsweretrained.Theseconstraintsmaybea burdenin
practicalandportabledevicessuchaspalm-topcomputers
or wirelesshandsetswhichplaceapremiumoncomputation
andmemory, andwheretheuseris freeto chooseany pass-
word utterancein any language,underany acousticcondi-
tion. In thispaper, wepresentanovel andreliableapproach
to backgroundmodeldesignwhenonly theenrollmentdata
is available.Preliminaryresultsareprovidedto demonstrate
theeffectivenessof suchsystems.

1. INTRODUCTION

Speaker verificationis the taskof automaticallydetermin-
ing whetherthe claimed identity of a speaker is correct,
given somespeechobservations[1]. State-of-the-artfixed
phrasespeakerverificationsystemsverify theidentityof the
speaker throughaNeyman-Pearsontestbasedona normal-
ized likelihoodscoreof a spokenpass-phrase[2]. If ��� is
the customermodel,given someacousticobservations � ,
thenormalizedscore���
	���
������������ is usuallycomputedas
theratioof thelikelihoodsasfollows:

���
	���
���������������� �����������
� �������� !� � (1)

where� ��������� is thelikelihoodof theobservations� given
themodel � , and �� is a so-calledbackgroundmodel.The
customermodelis usuallya hiddenMarkov model(HMM)
built from repeatedutterancesof a pass-phrasespoken by
thecustomerduringenrollment.This modelis usuallycre-
atedeitherby concatenatingphone-basedcustomerHMMs
orbydirectlyestimatingawhole-phraseHMM [3].Theback-
groundmodelis usuallyaHMM thatreducestheneedfor a
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Figure1: Architectureof a traditionalphrasebasedspeaker
verificationsystem(adaptedfrom [3]).

speaker dependentthreshold,andis built by concatenating
speaker independentphonemodelsof the customerpass-
word. In applicationswhereit is desirableto give thecus-
tomerthefreedomto selecthis own password phrase,most
traditional systemsassumethat the phonetictranscription
of customerpassword is available,which in turn assumes
the availability of pre-trainedmulti-lingual phonemodels,
dictionariesand a set of letter-to-soundrules for the par-
ticular language.Becausegoodphoneend-pointsarenec-
essary, a speaker independentphonerecognizermight be
usedto derive the phonesegmentation.The whole archi-
tectureof suchspeakerverificationsystemcanthereforebe
quitecomplicated(cf. Fig 1). Furthermore,agoodsetof SI
backgroundphonemodelsoften imply eachmodelto have
a largeacousticresolution,i.e., moremixture components
per state,in order to have a goodperformance(e.g. [3]).
This meansa higherdemandof computationandmemory
requirementwhich may not be desirablefor applications
runningonhand-helddevicessuchaspersonaldigital assis-
tants,palm-topcomputersor wirelessphones.Thereis also
an issueof robustness- the backgroundSI phonemodels
providedby thesystemmayexhibit very differentacoustic
propertiesfrom the operatingcondition. For practicaland
portableapplications,thepreviousrequirementsarenotac-
ceptableandarea burdenon the customerandthe system
developer. Thecustomermaywant to selecta password in
any language,may chooseto performspeaker verification
with any microphoneunderany acousticcondition.

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



speakerverificationsystemwhichminimizestheconstraints
on the customerandsimplifiesthe wholesystemarchitec-
ture. We assumethat the only speechmaterialavailableis
the setof enrollmentutterancesprovidedby the customer,
that thecustomeris freeto selecta password phrasein any
language,andthatnospeakerindependentmodelsareavail-
able.Wewill show thateventhoughthesystemis built with
no prior information,theperformanceis appreciablygood,
thoughit doesnot matchthat of a systemusingvery high
resolutionSI phonemodels.But thefocusindeedis on the
flexibility andsimplicity provided by our novel approach.
Theprincipleof sucha systemis explainedin thenext sec-
tion.

2. PRINCIPLE

Our working assumptionis that the customerwill choose
his/herownpasswordphraseandwill beaskedto repeatthis
utteranceseveraltimesfor enrollment.No otherspeechdata
or model is available, nor orthographicor phonetictran-
scriptionof thepasswordutterance.

Theacousticinformationin thecustomerpasswordphra-
se is modeledusinga whole-phraseHMM, ��� , estimated
from theenrollmentutterances.Onedisadvantageof using
a whole-phrasemodelis that pauseswithin the phrasecan
be hardto model,andmight upsetthe decodingandcom-
putationof � ����������� . However, in mostpracticalsituations,
passwordutterancesareveryshort(lessthan2 seconds)and
longpausesareunlikely.

Typicalstate-of-theartspeakerverificationsystemsbuild
backgroundmodelsfrom speaker independentdatabases.
Somestudiesadvocatethatthebackgroundmodel�" should
bederivedfrom speakersrandomlyselectedfrom a speaker
independentdatabase[4]. Otherssuggestto selectspeakers
that are “close” to the customer, and are thereforerepre-
sentativeof thepopulationneartheclaimedspeaker(cohort
speakers)[2, 5], whichis expectedto improvetheselectivity
of thesystemagainstvoicessimilar to thecustomer. Such
a scenariois impracticalfor portableapplicationssincea
speechdatabasewouldhaveto beprovidedto thecustomer.

Sincecohortmodelingemphasizesthe useof speakers
having acousticcharacteristicssimilarto thecustomerin or-
derto train thebackgroundmodel,we proposeto build the
backgroundmodel �" directly from the customerenroll-
mentutterances.Of course,to end-upwith a background
model �� differentfrom thecustomermodel � � , it is nec-
essaryto perturbthe model �" afteror during training,or
to perturbtheenrollmentdatabeforeestimatingthemodel.
This can be done in many ways, for exampleby adding
noiseto theenrollmentutterancesbeforeestimating�  , or
by perturbingthe varianceof the backgroundmodelafter
training.

In this paper, we proposetwo different techniquesto
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Figure2: Proposedarchitectureof a phrasespeaker verifi-
cationsystem.

perturb �  . Thefirst oneis to usea backgroundmodel �  
having a small numberof parameterscomparedto ��� , and
thereforea cruderacousticresolution.Themodel ��� is de-
signedto provideafineacousticresolutionof thepassword-
phrase,while themodel �� only providesa roughacoustic
resolution. This canbe doneby usinga small numberof
statesfor �� comparedto � � . Thearchitectureof thepro-
posedsystemis thereforevery simple,and is represented
Fig. 2. �  actslike ananti-customermodel,andeachcus-
tomerhashis/herown anti-model.Thecustomermodel ���
consistsof a largenumberof states,say25,while theback-
groundmodelconsistsof a smallnumberof states,sayless
than5. With suchanarchitecture,thecustomercanchoose
any password in any language,nospeaker independentdata
is used,andsomeusefulacousticnormalizationis provided
with thebackgroundmodel. Sincebothmodels��� and �  
are trainedfrom the samedata, thereis no acousticmis-
matchrelatedto theenvironmentbetweenthesetwo models.
That contrastswith systemsusingpre-trainedbackground
modelswhicharerathersensitive to changesin theenviron-
ment,andmightneedto imposesomeadditionalconstraints
on theuser, like for exampletheuseof a particularmicro-
phone.

The secondtechniqueis to train a backgroundmodel
aspreviously described,andto reversethestateorderafter
training, for examplestate5 becomingstate1, state4 be-
comingstate2, andstate3 beingunchangedfor a 5 states
backgroundHMM. By perturbingthetemporalinformation,
but still keepinga spectralinformationrelatedto the cus-
tomermodel,weobtaina backgroundmodelmore“smear”
thatcanstill providesomeacousticnormalizationwhencom-
putingthelikelihoodratio.

3. EXPERIMENTS AND RESULTS

3.1. Database Description

Theexperimentalevaluationis carriedout usinga database
of spokenphrasesrecordeddigitally overthetelephonenet-
work. Volunteersandpaidsubjectsrecordedutterancesfrom
theirhome,officeorotherphonesbydialingatoll-freenum-
ber, andwereencouragedtouseavarietyof phones,exclud-



ingspeakerphones,sothatarangeof conditionsaresampled
over thedifferentrecodingsessions.Thedatausedfor the
purposeof this evaluationconsistsof a phrasecommonto
all speakers(“I pledgeallegianceto theflag”).

Thedatabasecontainsutterancesspokenby 100speak-
ers, 51 malesand 49 females. Eachspeaker provided 5
tokensof the commonphrasein a single training session.
Two tokensof the commonphrasewere also recordedin
eachof 25 testingsessions.Consequently, a total of 50 test
utterancetokensareavailablefrom eachspeaker. For each
speaker, 2 sessions(4 utterances)of thesamesex speakers
arealsousedasimpostertestdata,which is an averageof
200imposterutterancesperspeaker.

3.2. Front-end Processing

Thesignalis first passedthrougha 3200Hzlow-passanti-
aliasingfilter. A 300Hzhigh-passfilter is thenappliedto
minimizetheeffectof processingin thetelephonenetwork.
The resultingsignal is pre-emphasizedusing a first order
differenceand10thorderlinearpredictivecoding(LPC)co-
efficientsarederivedevery10msover30msHammingwin-
dowedsegments.The10 LPC coefficientsareconvertedto
12th ordercepstralcoefficients(LPCC) anda featurevec-
tor of 24components,consistingof 12LPCCandtheir first
derivativesis producedateachframe.

3.3. System Description

Thespeakerverificationsystemis operatedin a text-depen-
dentmode.For evaluationpurpose,all customershave the
samepassword phrase,but the systemarchitectureis such
that eachspeaker could selecthis own password. Three
models, ��� , �  and ��#%$'& arebuilt for eachcustomer. The
detailedmodel ��� is a left-to-right HMM, consistingof 25
stateswith up to 4 Gaussianmixturecomponentsperstate.
Thecrudebackgroundmodel �  is a 5-states,left-to-right
HMM with 4 Gaussianmixture componentsper state. A
silencemodel ��#($'& , consistingof 3 statesand 4 Gaussian
mixturecomponentsis alsotrainedfor eachcustomer. All
Gaussianprobabilitydensityfunctionshave a diagonalco-
variancematrix. Someexperimentshave beencarriedout
usingan even cruderbackgroundmodelwith only 1-state
and4 mixtures,which is simplya Gaussianmixturemodel.
All modelsaretrainedusingthesegmental) -meansalgo-
rithm [6], followedby 5 iterationsof theEM algorithm,us-
ing the 5 training utterances.The covariancematricesof
thedetailedmodel ��� aretied in orderto geta morerobust
estimation.

For eachtestutterance,a Viterbi decodingis performed
usingthe detailedmodel ��� andthe silencemodel ��#($'& to
find theoptimalstatesegmentationandgetaspeech/silence
segmentation. The speechsegmentis alsodecodedusing
the backgroundmodel �  . 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-
statescustomermodel,1-statebackgroundmodel,4 mix-
turesperstates.Both customerandbackgroundmodelare
trainingusing ) -meansfollowedby 5 EM iterations

*,+
-
� ���/. ����� and

*,+
-
� ���0. �  � areobtainedover thespeech

segmentfor thetwo models��� and �  .
Two verificationscoresareusedto evaluatetheperfor-

manceof the system.The first one, 1�2��3�45� *6+7-
� ���/. ����� ,

called“raw” score,involvesonly thelog-likelihoodderived
fromthemodel� � . Thesecondone, 1� �
	8��
 � *6+7-

� ���/. � � ��9*,+
-
� ���/. �" :� is the normalizedscorecorrespondingto the

log-likelihoodratio. A priori thresholdsarenot assignedin
our experimentsand the systemperformanceis evaluated
from averageindividual equal-errorrates.Equal-errorrate
is calculatedby sortingcustomerandimposterverification
scoresandfinding thescorevaluesuchthat the fractionof
customerscoreslessthanthatvalueis equalto thefraction
of imposterscoresgreaterthanthat value. This fraction is
the equal-errorrate,meaningthat if thedecisionthreshold
is setto thatscorevalue,the falserejectionrateis equalto
thefalseacceptancerate.Theequal-errorrateis derivedin-
dividually for eachspeaker andaveragedover maleandfe-
malespeakersto getanaverageindividualequalerrorrate.

3.4. Results

In a first setof experiments,we useda 1-statebackground
model �  with 4 Gaussianmixtureperstate.We recallthat
thecustomermodel ��� is a 25-statesHMMs, usingtied di-
agonalcovariancematrices.Theaverageequalerrorrateis
given in Table1 for male and femalespeakers, using the
raw andnormalizedscores.Thenormalizedscoreprovides
asignificantimprovementovertheraw score,andillustrates
that a backgroundmodelcanbe built without any speaker
independentdata.

In asecondsetof experiments,weincreasedthenumber
of statesin thebackgroundmodelto checkwhetherincor-
poratinga temporalinformation in the backgroundmodel
would improve theperformance.Resultsin table2 areob-
tainedusinga 5-statesbackgroundmodel. The raw scores
arethe sameasin table1 sincethe raw scoredoesnot in-
volve thebackgroundmodel. A degradationof theEERis
obtained,comparedto the singlestatebackgroundmodel.
Thatcontrastswith systemsusingspeaker independentba-
ckgroundmodelswheretemporalinformationin theback-
groundmodelprovide a significantimprovementover a 1-



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

Table 2: Averageindividual equalerror rates(EER). 25-
statescustomermodel,5-statebackgroundmodel,4 mix-
turesperstates.Both customerandbackgroundmodelare
trainingusing ) -meansfollowedby 5 EM iterations

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

Table 3: Averageindividual equalerror rates(EER). 25-
statescustomermodel,1-statebackgroundmodel,4 mix-
turesper states. The customermodel is trainedusing ) -
meansonly. The backgroundmodel is trainedusing ) -
meansfollowedby 5 EM iterations

statebackgroundmodel[3].
Theraw EERweobtainedaredifferentfromwhatPartha-

sarathyet al. obtainedon thesamedatabasesincePartha-
sarathyet al. pluggeda speaker independentvarianceinto
thecustomermodel ��� . Anotherdifferenceis thatwe used
several iterationsof the EM algorithm after the ) -means
trainingwhile Parthasarathyet al. only used) -means.In
a third setof experiments,we reproducedthe first experi-
mentwithoutEM iterations.Resultsaregivenin table3. A
significantimprovementof theraw EERis obtained,while
thenormalizedEERis almostunchangedbut still morethan
15%betterthantheraw score.That illustratesthesensitiv-
ity of theraw EERto implementationdetails,andtherefore
theneedfor anormalizationschemeto improvethesystem’s
robustness.However, weshouldpoint out thattheobtained
improvementis still far from the typical 50% of improve-
mentthatcanbeobtainedusingspeaker independentback-
groundmodelson thisdatabase.

In a lastsetof experiments,we investigatedtheideaof
creatinga backgroundphrasemodelby reversingtheorder
of the statesafter training. A 5 statesbackgroundmodel
HMM was trained,and after training, the statesequence
wasinverted.Theresultsaregivenin Table4. Theresults
areslightly betterthatwhatwasobtainedusingtheoriginal
stateorderin Table2, andconfirmthatabackgroundmodel
canbedesignedfrom theuserenrollmentdata,whenanap-
propriatesmearingtechniqueis provided. Furtherwork is
neededto definea smoothingtechniquethat would reduce
thegapin performancebetweena speaker dependentanda
speaker independentbackgroundmodel.

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

Table 4: Averageindividual equalerror rates(EER). 25-
statescustomermodel,5-reversedstatesbackgroundmodel,
4 mixturesperstates.Thecustomermodelandbackground
modelaretrainedusing ) -meansonly.

4. CONCLUSION

State-of-theartspeakerverificationsystemsrelyontoomany
assumptionslike for exampletheavailability of speaker in-
dependentdataor modelsor of a transcriptionof thepass-
word phrase. Theseassumptionslimit the designof flex-
ible speaker verification applicationsfor portabledevices
suchaspalm-topcomputers,andsomenew techniquesare
thereforeneeded.This paperpresentspreliminary results
towardsthisgoal,wherewefocusonthedesignof aspeaker
verification systemwhere the only dataavailable are the
customerenrollmentutterances.While our resultsarestill
far from the performancelevel that can be obtainedwith
likelihood ratio scoresderived using speaker independent
backgroundmodels,someencouragingimprovementshave
beenobtainedcomparedto the useof a simple likelihood
score.
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