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Abstract

This paperpresentshe secondoartof a new approacho
on-line unsupervisedhdaptationin spealer verification.
The new approachextends previous work in the liter-
ature by (1) improving performanceon the enroliment
handset-typavhen adaptingon a differenthandset-type
(e.g.,improving performanceon cellular whenadapting
on alandlineoffice phone),(2) accomplishinghis cross
channelimprovementwithout increasingthe size of the
spealer model after adaptation(3) employing a count-
based, parameteddependentsmoothing algorithm that
emphasizeshe use of meanparametersn the spealer
modelsuntil sufficient adaptatiordataare presento ac-
curately estimatevariances,and (4) developing a new
confidence-baseddaptatiorupdateweight which mini-
mizesthe corruptingeffectson the spealer modelsfrom
impostorattacks.Experimentatesultsshov a61%(rel.)
overallreductionin EERusingthenew on-lineadaptation
approactevenwith asignificantimpostorattackrate,and
a 24% improvementin EER dueto the new confidence-
basedadaptationschemefor thosespealer modelscor-
ruptedby impostorutterances.

1. Intr oduction

One of the most significant sourcesof performance
degradationin a spealer verificationsystemis theacous-
tic mismatchbetweertheenrollmentandsubsequenter-
ification sessions.The acousticmismatchis a result of
differencedn the transduceracousticervironment,and
the communicatiorchannelcharacteristicge.g.,varying
channelsassociatedvith combinationsof differentsub-
networksutilizedin atelephonecall). Of thefactorscon-
tributing to acousticmismatchin telephory applications,
it hasbeenshaownn that the mismatchin transducersf
telephonehandsetss the mostdominatesourceof per
formancedegradation[34].

To addresghe acousticmismatchproblem,a variety
of approachegor robust spealer recognitionhave been
developedin the pastseveral years. Theseapproaches
include robust feature,model, and score-basedormal-
ization techniqueswhich are summarizedn [1]. These
approachesiseoff-line developmentdatato compensate
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for the effectsof acousticmismatchthatwill be present
whenthe systemis usedon-line. An alternatve approach
is on-line unsuperviseddaptation[k On-line unsuper

visedadaptatiorcanbe usedto “learn” the unseerchan-
nel characteristicautomaticallywhile the systemis be-

ing usedin the field. An advantageof this approachis

its ability to provide significantlymoredatafor parame-
ter estimationthantypically availableto thespealer veri-

fication system facilitatingmore sophisticatesnodeling
approacheandautomategarametetuning. Also, rather
thanpredictingthe effectsof acousticmismatchwith de-
velopmentdata,the effectscanbeobseneddirectly from

this additionaldata.

This paperis the secondpart of our previously pub-
lishedwork in [2], which completeghe presentatiorof
a new approachfor on-line unsuperviseddaptationof
spealerverificationmodels.Thenew approactautomati-
cally updates spealermodelwith informationfrom sub-
sequentverification sessionsjncluding user utterances
on new handset-typesTo addresdimitations of the pre-
vious approacheso on-line adaptation the updatingof
the spealer modelis accomplishedvithout (1) degrad-
ing theperformancentheenrollmenthandset-typghen
adaptingon new handset-typeg) increasinghesizeof
the spealer model, and (3) significantly corruptingthe
spealermodelsdueto impostorattacks.

In the first paper[2], we focusedon the first two
items above. The papershowved that the new approach
not only avoided degradingthe performanceon the en-
rollment handset-typevhen adaptingon newv handset-
types, but the performanceactually improvesacrossall
handsetsvhenadaptingon any handset-typeThis paper
focuseson someadditional aspectsof the seconditem
above, andon the third item. Specifically an expanded
descriptionis presentedn a “variable-ratesmoothing”
techniqguethat increaseghe effectivecompleity andfi-
delity of thespealermodelwithoutincreasinghestorage
requirement®f the spealer model. In addition, this pa-
perdescribesatechniqueo minimizethe adwerseaffects
of impostorattacksn anunsuperviseddaptatiorsetting.
The new approachrelieson a confidence-basedeight-
ing schemewhere spealer modelsare adaptedmore or
lessaggressiely dependingon how confidentthe sys-
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tem is on the validity of the identity claim. Expanded
experimentakesultsarepresentedo demonstrateéhe ef-

fectivenesof the variable-ratesmoothingapproachand
the confidence-basedeightingscheme.

2. Approach

The foundationfor the approachusedin this work is
describedin [2]. Summarizing, the spealer models
areinitialized during enrolimentby adaptinga handset-
dependentgenderdependentand spealer-independent
GaussiarMixture Model (GMM) using a Bayesianap-
proach. Spealer modelsynthesigSMS) is usedto syn-
theticallycreatespealermodelsonchannelsotseerdur-
ing enroliment. Thesenew “synthetic” spealer models
canbeinvokedduringverificationto ensurethatall scor
ing is completedagainstmodelsthat matchthe handset
of thecurrentverificationsession.

On-Line adaptationis implementedon top of SMS
to updatethe channel-dependergpealer models (syn-
thetic or real) in an unsupervisedashionusingdataob-
sened duringin-field verificationattempts.An “inverse
SMS” approachwas developedand usedto satisfy the
constraintf no growth in the sizeof the spealer model
with adaptation. The inverse SMS approachrelies on
the fact that the transformationsetweenchannelsde-
scribedin [2] arelosslessFor eachadaptatiorutterance,
channel-dependestatisticsare gatheredand saved. In-
steadof storingthe statisticsof eachchannelseparately
on disk, theinverseSMS approactstoresthe new statis-
tics alongwith the original statisticson a single channel
by first transformingthe new statisticsbackto theenroll-
mentchannel. The statistics(counts)from eachchannel
areaddedogethetbeforestorageresultingin noincrease
in the sizeof the spealer model. In addition,thelossless
natureof themappingdetweerchannelenableshesys-
temto exactly recoverthestatisticsfrom thenew channel
onthenext verificationattempt.

2.1. On-Line Adaptation Update Equations

To updatethe spealer modelstatisticswe usethefollow-
ing equations:

i) = Si@P1-F) + W) B i)™
i) = @) (1-F) + WA )ﬂaE(x )
n; = M 1-F) + W (A) By nlY

whereX;(z) and X;(z2) arethe first andsecond order
sufficient statisticsof the dataz and z2, respectiely
for the i-th Gaussianin the spealer model, n; is the
probabilisticoccupanyg of the datain the i-th Gaussian,
¥;(.)l9 is the sufficient statisticof the spealer modelfor
the j-th adaptationiteration (e.g., j-th phonecall), and
W is the adaptationweight definedbelow in (1). The
terms(8,, 8-, Bw) areBayesiansmoothingfactors. The
forgettingfactor F', is a numberbetween0 and1. Set-
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ting F' = 0 will make the system‘remember”statistics
from all pastutterancexompletely andsetting? = 1
will make the systemperfectlytrackspealer changesut
“for get” everythingfrom the past.

2.2. Confidence-BasedJpdating of Statistics

To determineif the data should be usedto adaptthe
spealer model,we employ a confidence-basedeighting
schemehatupdateshespealer modelmoreaggressiely
if theverifieris confidentof the spealer’sidentity. Using
a verifier scoreA, we form the adaptationveight W by
utilizing a nonlinearfunction of the verifier scorebased
onacumulatve Rayleighdistribution

—(A - 1)?

W(A)=1 — exp [T Q)
where 7 is theacceptancéhresholdof theverifier, andb
is theRayleighcoeficientwhich controlsthesmoothness
of thefunction. Theverificationscorefor thework in this
paperis givenas

T
=3 Hogp(zA) ~logp(aN) ] @)

t=1

A(X|s) =

where X = {z,,z,,...,zy} denoteshe featurevec-
tors extractedfrom the utterancesy the featureextrac-
tion front end, )\, is the modelof the spealer s, and ) is
the model of the impostorpopulation. Probability den-
sity functionsof both spealer andimpostormodelsare
estimatedvith GMMs asfollows:

L

pz,|A) = Z p(z,|bs) (3)

with mixture weights w;, and Gaussian densities
p(z,|b;), parameterizedby a collection of mixture
weights,meansandcovariances.

The Rayleigh function usedto computethe confi-
denceweightsimply increasesheweightingof theadap-
tationupdateasthescoreincreasesstartingwith aweight
of zero at the acceptancehresholdand increasingto a
weightof 1 asthe scoretendsto infinity. Large valuesof
the Rayleighcoeficient more consenratively updatethe
spealer modelstatistics whereasmall valuescausethe
adaptatiorio becompletednoreaggressiely. A valueof
b = 0 indicatesary utterancethat scoresabove the ac-
ceptancehresholdshouldhave maximumcontributionto
updatingthe spealer modelstatistics(i.e., W(A) = 1).

2.3. Variable Rate Smoothing

VariableratesmoothingVRS) employs separatesmooth-
ing factors(3,, 8+, B) to enablehesystento, for exam-
ple, rely moreheavily on the first-ordersufficient statis-
tics until adequateobsenationshave beenaccumulated

Sophia-Antipolis 29-30 August 2001



to properlyestimatethe second-ordesuficient statistics.
Using separatesmoothingfactorsis particularly impor-

tant for on-line adaptationsinceit allows the effective
compleity of the spealer model to grow with the ad-
ditional datafrom new verificationattemptswithout in-

creasingheactualcompleity of thespealermodel. The
smoothingfactorsaredefinedas

N s

=11 with a = b2 (4)
a Ni,s +v

wheren; andn; , arethe spealer independenand de-
pendentprobabilisticoccupancie®f the datain thei-th
Gaussianand- is a parametethatcanbe variedto pro-
vide more or lesssmoothingbetweenthe spealer inde-
pendentanddependeninodels.

3. Experiments

In the experimentspresentedye will referto the three
new approachesdeveloped in this paper as “SMS”,
“SMS+Inverse”, and “SMS+Inverse+VRS”, where all
threeusethe Spealer Model SynthesiqdSMS) approach
but thefirst storeshenew adaptatiorstatisticsseparately
with eachchannel,andthe latter two approachesrans-
form the new statisticsbackto the enrollmentchannel
(with thedifferencebetweerthelasttwo consistingof the
last usingthe variable-ratesmoothingtechnique).Since
we are using three channeltypesin theseexperiments
(electret,carbon-lutton,andcellular handsets)the SMS
approactlyields spealer modelsthataretriple the sizeof
the SMS+Irverseapproach.

3.1. The Database

We used a databaseof Japaneseligit strings. This
databasevasdescribedn detailin [2]. Summarizingthe
databaseontainsa genderbalancedsetof 40 spealers,
eachof whommadefour calls (two landlineandtwo cel-
lular). In eachcall, threerepetitionsof tenunique4-digit
stringswere spolen. For all the experimentsreported,
the datais divided into threedisjoint subsets:a training
setfor building thespealer models averificationtestset,
which is run after eachiterationof adaptingthe models,
andanadaptatiorsubset.

3.2. Results

For the unsuperviseddaptationperformanceresultsof
this paper 5222 spealer modelswere trained on three
repetitionsof an 8-digit utterance(each utterancewas
constructedby concatenating 4-digit utterancedrom
the database).For verificationtesting,a total of 66899
mixed-gendemimpostortrials and12258true-speaér tri-
alswereperformed,eachcomposedf one 8-digit utter
ance. The adaptationsetwas composedf eight utter
ances(8-digits each)for eachspealer model, of which
seven utterancesverefrom the true-speakr andone ut-
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terancewasby animpostor The numberof impostorat-
temptswere uniformly distributed acrossall trials, such
that 1) in every adaptationiteration, 1/8 of the spealer
modelswere attacled by animpostor and 2) 1/8 of the
totaltrials for eachspealer modelwereby animpostor
The outline of the experimentwas asfollows: first,
the spealer modelsweretrainedon the enrolimentdata.
A verificationtestwas run on all modelsto establisha
baselinegperformanceNext, eachmodelwasadaptedn
one adaptationutterance. The adaptationstep was fol-
lowed by a round of verificationtestingto track theim-
provementin performance.The lasttwo steps(adapt&
test)wererepeatecaighttimes.

Iteration | Supewised | SMS | SMS SMS
+Inv. | +Inv.+VRS
Enroll 5.67% 4.33%
Iter1 3.01% 4.58% | 4.50% 4.09%
Iter 2 2.27% 4.23% | 3.76% 3.54%
Iter3 1.98% 4.13% | 3.35% 3.23%
Iter4 1.67% 4.05% | 3.15% 3.02%
Iter5 0.94% 3.57% | 2.84% 2.78%
Iter 6 0.97% 2.80% | 2.32% 2.28%
Iter7 0.91% 2.87% | 2.38% 2.27%
Iter8 - 2.77% | 2.35% 2.21%

Tablel: ImprovedEERSsfor theheld-outverificationtestsetaf-
ter each consecutivéteration of unsuperviseédaptation. The
new “SMS”, “SMS+Inverse”, and “SMS+Inverse+VRS” un-
supervisedadaptationtechniquesimproved the EER by 51%,
59%, and 61% over the initial enmllment (Enroll), compaed
with 84% for (optimal) supervisedadaptation. The variable
rate smoothingtechniquegavea 23.5%reductionin EER on
theinitial enmllimentas compaedto the baseling with theim-
provemenbecomindesssignificantafter several adaptationit-
erations.

Table 1 shows the performanceof the unsupervised
adaptationapproacheslevelopedin this paper “SMS”,
“SMS+Inverse”,and“SMS+Inverse+VRS"For compar
ison purposes.the bestthat can be achiesed with on-
line adaptationis if the verifier had perfectknowledge
of the identity of the utterance(claimantvs. impostor).
This theoreticaloptimumimprovementwith supervised
adaptationis 84%. The new “SMS”, “SMS+Inverse”,
and“SMS+Inverse+VRS’unsuperviseédaptatiortech-
niguesimprovedtheEERby 51%,59%,and61%respec-
tively. After the initial enrollment(“Enroll”), the vari-
ableratesmoothing(VRS) techniqueshows a reduction
of 23.5%in EERascomparedo the SMStechniquewith-
out VRS. In theseresults,the valuesof (v, vy, Vw) in
Equation(4) were(4,32,32).As moredatabecamevail-
ableto reliably train the second-ordestatistics(after 8
iterationsor calls), the additive effect of VRS on top of
the SMS-basedechniquedbecomedesssignificant.

In a secondsetof experimentswith anothertestcor-
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| Iteration | Without Rayleigh | With Rayleigh |

Baseline 5.37%
Iter 1 4.69% 4.72%
Iter 2 4,20% 4,19%
Iter 3 3.90% 3.91%
Iter 4 3.68% 3.64%
Iter5 3.66% 3.45%
Iter 6 3.58% 3.30%
Iter 7 3.60% 3.15%
Iter 8 3.54% 3.00%

Table 2: After eightiterations of adaptation,the EER of the
“With Rayleigh” approad was 15% betterthan the “Without
Rayleigh” approac.

pusof thesamesizeandcompositiorasdescribecarlier,
testswere completedto determinethe effectivenessof
the confidence-basedeightingschemefor updatingthe
spealer models. Table2 compareghe resultsof on-line
adaptationwithout and with the new confidence-based
approach(*Without and With Rayleigh”). Both experi-
mentswere run without the “Inverse”and“VRS” tech-
nigues. The acceptancé¢hresholdof the verifier, 7 in
Equation(1), was setto zero, and the Rayleigh coefi-
cient, b wassetto 0.4. After eightiterationsof adap-
tation,the EERsof the “Without andWith Rayleigh” ap-
proachesvere3.54%and3.00%,representing 15%im-
provementwhen using the confidence-baseddaptation
scheme.

Table3 shav amorerefinedbreakdavn of theresults
shawvn in the previoustable. Spealer modelsweresepa-
ratedinto two groups: thosethat had been“corrupted”
by adaptingon an impostor utterance,and those that
had only adaptedon true spealer utteranceg“not cor-
rupted”). The EERsfor thesetwo groupsare compared
without and with confidence-baseaveighting (“With-
out and With Rayleigh”). The resultsshow that the
confidence-basedeightingschemeprovidesmore con-
sistentresultsacrossall spealers(4.83%vs. 6.32%EER
for the corruptedmodelsor 23.6%improvement)at the
costof beingsomevhat more conserative in the model
updateg2.05%vs. 1.86%EERfor theuncorruptednod-
els).

4. Conclusion

Thispapermresentethesecondartof anew approacho
on-line unsupervisedhdaptationin spealer verification.
The approachextendedprevious work by (1) improving
performancentheenrolimenthandset-typavhenadapt-
ing on a differenthandset-typde.g., improving perfor
manceon cellular when adaptingon a landline office
phone),(2) accomplishingthis crosschannelimprove-
ment without increasingthe size of the spealer model
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Without Rayleigh

EER of Corrupted EER of NOT Overall
Models Corrupted Models | EER
6.32% 1.86% 3.54%

With Rayleigh

EER of Corrupted EER of NOT Overall
Models Corrupted Models | EER
4.83% 2.05% 3.00%

Table3: Theconfidence-basedeightingapproad for updat-
ing the speakr modelsgivesmore consistentesultsacrossthe
speakr population(4.83%vs. 6.32%EER for the corrupted
models)at the costof beingsomevhatmore conservativen the
modelupdateq2.05%vs. 1.86%EERfor theuncorruptednod-
els).

afteradaptation(3) employing avariable-ratesmoothing
(VRS) algorithm that emphasizeshe use of first order
parameterén the spealer modelsuntil sufficient adapta-
tion dataarepresento accuratelyestimatesecond-order
statistics, and (4) developing a new confidence-based
adaptatiorupdatenveightwhichminimizesthecorrupting
effectsonthe spealer modelsfrom impostorattacks.Ex-
perimentatesultsshavedthatthenev VRS algorithmre-
ducedthe EER by 23.5%in theinitial enrolimentphase,
andthe SMS+Inverse+VRSechniquegave a combined
61%overallreductionn EER,evenwith asignificantim-
postorattackrate. Finally, the confidence-baseddap-
tation schemegave more consistentresults acrossthe
spealer population,with a anda 23.6%improvementin
EERfor thosespealer modelscorruptedby impostorut-
terances.
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