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ABSTRACT

Researcthasshowvn that handsetselectorscan be usedto
assisttelephone-basedpeech/speak recognition. Most
handsetselectors,however, simply selectthe most likely
handsefrom a setof known handsetgvenfor speeclcom-
ing from an ‘unseen’ handset. This paper proposesa
divergence-basedandseselectomwith out-of-handsefOOH)
rejectioncapabilityto identify the ‘unseen’handsets This
is achievedby measuringhe Jensen difference betweerthe
selectors output and a constantvector with identical ele-
ments. The resultinghandsetselectoris combinedwith a
feature-basedhannetompensatioalgorithmfor telephone-
basedspealerverification. Utterancesvhosehandsetsvere
identifiedas‘'unseen’areeithertransformedy aglobalbias
vectoror normalizedby cepstralmeansubtraction(CMS).
Ontheotherhand,if the handsetanbe identified(consid-
eredas‘seen’),its correspondingransformatiorparameters
will beusedto transformtheutterancesExperimentdased
ontenhandset®f the HTIMIT corpusshaw thatusingthe
transformationparameter®f the ‘seen’ handsetgo trans-
form the utterancewwith correctly identified handsetsand
processinghoseutterancesvith ‘unseen’handsetby CMS
achieve thebestresult.

1. INTRODUCTION

Recentlyspealerverificationoverthetelephonéiasattracted
much attention, primarily becauseof the proliferation of
electronicdbankingandelectroniccommerceAlthoughsub-
stantialprogressn telephone-basezbealerverificationhas
beenmade sensitvity to handsetvariationsremainsa chal-
lenge.To enhancehe practicalityof thesesystemshandset
compensatiotechniquesreindispensable.

We have previously proposeda handsetcompensation
approachj1] thatcanresohethehandsetariationproblem.
The approachextendsthe ideasof stochastiamatching[2]
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wherethe parametersf non-linearfeaturetransformations
areestimatedundera maximume-likelihoodframework. To
adoptthe transformationdo telephone-basespealer veri-
fication,a GMM-basedhandseselectowasalsoproposed
in [1]. Although promisingresultshave beenobtained the
approachrequiresa handsetdatabasecontainingall types
of handsetghat the usersare likely to use. Thereare at
leasttwo reasonsghatmake this requiremendifficult to ful-
fill in practicalsituations. Firstly, thereare so mary types
of telephonehandset®on the market. It is almostimpos-
sible to include all of themin the handsedatabase.Sec-
ondly, new handsemodelsarereleasedvery few months,
which meansthat the handsetdatabaséasto be updated
frequentlyin orderto keepit up-to-date.If a claimantuses
ahandsethathasnotbeenincludedin thehandsetatabase,
theverificationsystemmayidentify thehandsetncorrectly
resultingin verificationerror.

To addressthe above problem, this paperproposesa
handseselectowith out-of-handsetOOH) rejectioncapa-
bility. Specifically whena claimantusesa handsethathas
notbeenincludedin thehandsetiatabasetheselectoliden-
tifies it asan ‘unseen’handset.The decisionanadeby the
selectorarethenusedto assistspealerverificationsystem.

2. STOCHASTIC FEATURE TRANSFORMATION

Stochasticmatching[2] is a popularapproachto spealer
adaptatiorandchannetompensationln the caseof feature
transformationthe channels representedly eitherasingle
cepstralbias (b) or a biastogetherwith an affine transfor
mationmatrix (A). In the latter case the component-wise
form of thetransformedrectorsis givenby

1)

wherey, is a D-dimensionatlistortedvector v = {a;, b;}2,
is thesetof transformatiorparametersf, denoteghetrans-
formationfunction, andx; is the transformedrector Intu-
itively, thebias{b;} compensatethe corvolutive distortion
andtheparameterga;} compensatethe effectsof noise.

Zi = fu(ye)i = aiyei + bs



In this work, we will considerthe biastermonly (i.e.
a; = 1forall i) becauseur previousresultg1] have shovn
thatthe zero-and 1st-ordertransformatiorachieve a com-
parableerror reduction. Following the derivation in [2],
the maximum-likelihood solutionof b = [by by - -+ bp]T
in eachEM iterationis
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wheref,(y:) =y: + b, p; andX;, j = 1,..., M, arethe
mearvectorsandcovariancematricesof an M -centerGaus-

sianmixturemodel(A x) representinghecleanspeechand
h;(-) is the posteriorprobability
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3. OUT-OF-HANDSET(OOH) REJECTION

The handsetselectorusedin our previous work [1] is de-

signedto identify the most likely handsetused by the

claimants. The handses identity wasthen usedto select
theparameterso recoverthe distortedspeech Specifically

eachhandsetis associatedvith one setof transformation
parametersduring verification, an utteranceof claimants

speectis fedto H GMMs (denotecas{T; }7__,). Themost
likely handsets selectechccordingto

K =agmax) | logp(ye|Ts) (5)

wherep(y:|T'x) is thelikelihoodof the k-th handsetThen,
the transformationparametersorrespondingo the k*-th
handsetare usedto transformthe distortedvectors' Be-
fore verification cantake place,we needto derive oneset
of transformatiorparameterdor eachof the handsetghat
the usersare likely to use. Although resultshave shovn
thatthe handseselectoris ableto identify the ten handsets
in HTIMIT at a rate of 98.29%,it may fail to work if the
claimants speechs comingfrom an‘unseen’handset.

To overcomethis problem,we proposeto enhancehe
handseselectorby providing it with out-of-handse¢OOH)

1The handseselectorcanalsobe appliedto detecthandsetypes(e.g.
carbonbutton, electrethead-mountedgtc.). In thatcase therewill beone
setof transformatiorparametergor eachclassof handsets.

rejectioncapability Thatis, for eachutterancethe selec-
tor will eitheridentify the mostlikely handsebr rejectthe
handsetThedecisionis basedn thefollowing rule:

S RICRy 4T
J(@, ) <

identify the handset
rejectthehandset

(6)
whereJ (&, 7) is the Jensen difference [3, 4] betweenid and
7 (whosevalueswill bediscussedhext) andy is adecision
threshold.J (&, ) canbecomputedas
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whereS(2), calledthe Shannorentroypy, is definedby

S@=-3" zlogz ®)

wherez; is thei-th componentf Z.

The Jensen difference hasa non-negyative value and it
canbeusedto measurehedivergencebetweertwo vectors.
If all elementsof & and7 aresimilar, J(&,7) will have a
smallvalue. On the otherhand,if the elementof @ and7
arequitedifferentthevalueof .J (&, ) will belarge. Forthe
casewhered isidenticalto 7, J(@, 7) becomegero.There-
fore, Jensen difference is anideal candidatefor measuring
thedivergencebetweerntwo n-dimensionalectors.

Our handsetelectorusesthe Jensen difference to com-
parethe probabilitiesof a testutteranceproducedby the
known handsets.Let X = {z; : t = 1,...,T} bease-
guenceof feature vectors extracted from an utterance
recordedby an unknavn handsetandl,(z;) be the log-
likelihoodof observingthe patternz; givenit is generated
by the h-th handse(i.e. I (z¢) = logp(z:|T's)). Theaver
agelog-likelihoodof observingthe sequenceX, givenit is
generatedy the h-th handsetis

LX) = 5 7 (). ©

For eachvectorsequenceX, wecreatey = [a; as - -+ ag]T
with eachof its element

exp{Ly(X)} <h<H (10)
S exp{Li(X)}

representinghe probability that the test utteranceis pro-
ducedby the h-th handsetsuchthat 3, , @, = 1 and
ap > 0 for all . If all the elementsof & aresimilar, the
probabilitiesof thetestutteranceproduceddy eachhandset
areclose,andit is difficult to identify which handsethe ut-
terancecomesfrom. On the otherhand,if the elementsof
& arenotsimilar, theprobabilitiesof somehandsetsnaybe
high. In this caseijt is confidentto identify the handsethat
is responsibldor producingthe utterance.

ap =



The similarity amongthe elementsof & is determined
by the Jensen difference J(&, ) betweena (with the ele-
mentsof vectora definedin (10)) and a referencevector
7= [riry - ru]t wherer, = &, h =1,...,H. A
small Jensen difference indicatesthatall elementof & are
similar, while alargevaluemeanghattheelementof & are
quitedifferent.

During verification, when the selectorfinds that the
Jensen difference J (&, 7) is greatetthanor equalto thethresh-
old ¢, theselectolidentifiesthemostlik ely handsetccord-
ing to (5), andthetransformatiorparametersorresponding
to the selectechandsetare usedto transformthe distorted
vectors. On the otherhand,when J(&, 7) is lessthan ¢,
the selectorconsiderghe sequenceX to be comingfrom
an‘unseen’handsetln thelatter casethe distortedvectors
will beprocessedifferently, asdescribedn Section4.

4. EXPERIMENTS

Approach | OOH Rejection Rejection Handling
[ No No

I Yes Useaglobalbiasvectorto
transformtherejectedutterances
1] Yes UseCMS-basedpealker models

to verify therejectedutterances

Table 1. Threeapproachedo integrating out-of-handset
(OOH) rejectioninto the spealer verificationsystem.

In this paper threedifferentapproacheso integrating
the out-of-handsetejectioninto a spealer verificationsys-
tem are proposed. Seven handsetqcb1-cb3,ell-el3, and
ptl) andone Sennheizehead-mountednicrophone(senh)
from HTIMIT [5] were usedasthe ‘seen’ handsetswhile
anothertwo handsetgcb4 and el4) were usedasthe ‘un-
seen’handsetd. Speectirom handsesenhwasusedfor en-
rolling spealers,while speectfrom the othernine handsets
was usedfor verifying spealers (see[1] for details). The
resulting systemswere comparedagainsta baselinesys-
tem (without ary handseselectorsaandfeaturetransforma-
tion) anda systemusing cepstraimeansubtraction(CMS)
aschannelcompensationWe denotethe threeapproaches
as Approachl, Approachll, and Approachlll, which are
detailedin Tablel.

4.1. Approach |: Handset Selector without OOH Rejec-
tion

The handsetselectorconsistsof eight different 64-center
Gaussiamixture models(GMMs) {T'x}3_,. EachGMM
wastrainedwith thedistortedspeectrecordedrom thecor-
respondinghandsetAlso, for eachhandseta setof feature
transformatiorparameters thattransformspeechrom the

2A closerlook atthetransformatiomparameterindicatesthatthe char
acteristicof handsetcb4 is similar to that of handsetth3. On the other
hand,handsetl4 hascharacteristicsiot similar to ary other‘seen’ hand-
sets.

correspondindnandseto senhwerecomputedseeSection
2). Notethatutterance$rom handsetgb4 andel4 have not
beenusedto createary GMMs, becauseb4 andeld4 were
usedasthe‘unseen’handsets.

Duringverification,atestutterancevasfedto the GMM-
basedhandsetselector The selectorthen chosethe most
likely handsebut of theeighthandsetaccordingo (5) with
H = 8. Then,thetransformatiorparametersorresponding
to the k*-th handsetwere usedto transformthe distorted
speechvectorsfor spealer verification.

In this approachif testutterancedrom handsetb4 or
eldarefedto thehandseselectortheselectowill beforced
to choosea wrong handsetand usethe wrong transforma-
tion parameterso transformthe distortedvectors.

4.2. Approach I1: Handset Selector with OOH Rejec-
tion and Global Transformation

In additionto theeightsetsof featuretransformatiorparam-
eters,a global biasvectorthat transformsspeechfrom the
sevenhandsetgcbl1-cb3,ell-el3,andptl) to senhwascre-
ated. Utterancedrom handsetsb4 andel4 were not used
to createthis vectorbecauseherewereno GMMs to model
theseéwo handsetin ourhandseselector Notethatthisap-
proachusesahandseselectomwith out-of-handsetejection
capability (seeSection3). Specifically for eachutterance,
the handseselectordeterminesvhetherit is recordedrom
one of the 8 known handsets.If it is the case,the corre-
spondingtransformatiorwill be usedto transformthe dis-
tortedspeechvectors;otherwise the globalbiasvectorwill
beusedinstead.

4.3. Approach I11: Handset Selector with OOH Rejec-
tionand CMS
This approachs similar to Approachll in thatit usesthe
samesetof handsetselectordo make anacceptor areject
decisionaccordingo (6) for eachutteranceWith theaccept
decisionthehandseselectoselectdhemostlik ely handset
from theeighthandsetanduseghecorrespondingransfor
mationparameterso transformthe distortedvectors.How-
ever, unlike Approachll, cepstraimeansubtractionCMS)
wasappliedto thoseutterancesejectedby the handsese-
lectorto recoverthe cleanvectorsfrom the distortedones.
The recoveredvectorswere fed to a 32-centerGMM
spealer model. Dependingon which methodwas usedto
processthe distortedvectors, the recoveredvectorswere
either fed to a GMM-basedspealer model without CMS
(M) to obtainthe score(log p(Y|M,)) or fed to a GMM-
basedspealermodelwith CMS (M$M5) to obtainthe CMS-
basedscore(log p(Y|MSM5)). In either case,the score
was normalizedaccordingto (11) where M, and M§MS
are the 64-centerGMM backgroundmodel without CMS
and with CMS respectrely. S(Y) wascomparedwith a
thresholdto make a verificationdecision. In this work, the



Handset Selector Equal Error Rate (%)
Trans. Method | Integration Approach | cbl | cb2 | cb3 | ch4 [ ell | el2 [ el3 ] eM4 [ ptl [[ Average] senh
Baseline N/A 8.23 | 7.22 | 28.24 | 19.36 | 6.14 | 15.23 | 8.17 | 14.04 | 9.75 12.93 2.99
CMS N/A 6.42 | 5.71| 13.33| 10.17| 6.15| 9.29 | 959 | 7.18 | 6.81 8.29 4.66
Oth-orderST Approachl 414 | 3.63 | 9.15 | 10.04| 355| 6.84 | 6.53 | 7.92 | 4.95 6.31 3.01
Oth-orderST Approachll 403 | 3.63 | 9.15 | 10.23| 355| 684 | 6.53 | 7.96 | 4.95 6.32 3.01
Oth-orderST Approachlll 414 | 3.64 | 9.15 9.78 | 352 | 6.84 | 653 | 7.29 | 4.96 6.21 3.01

Table 2. Equalerrorrates(in %) achiezedby thebaselinecepstraimeansubtractiofCMS), andthethreeapproacheshown
in Tablel. Theenrollmenthandsets “senh”. The averagehandsetdentificationaccurag is 98.19%.Notethatthe baseline
andCMS do notrequirethe handsetelector Oth-orderST standdor zero-thorderstochastidransformation.

S(Y) = {IOgP(YWs) —log p(Y|Ms)

log p(Y|METMS) —log p(Y | MFMS)

thresholdfor eachspealer was adjustedto determinean
equalerrorrate(EER).

5. RESULTS

The experimentalresultsare summarizedn Table2. All
the stochastidransformationsisedin this experimentwere
of zero-thorder For Approachll, the thresholdy for the
decisionrule usedin the handsetselectorwassetto 0.06,
while for Approachlll, ¢ wassetto 0.07. Thesethreshold
valueswerefoundempiricallyto obtainthe bestresult.

Table2 shavsthatApproachl reducesheaveragesqual
errorrates(EERs)substantiallylts averageEERgoesdown
t06.31%,ascomparedo 12.93%for thebaselineand8.29%
for CMS. However, no significantreductionin EER for the
‘unseen’handsetwas found. The EER of handsetcb4 is
slightly lower thanthe one usingthe CMS method. This
is becausavhenutterancedrom cb4 arefed to the handset
selectortheselectorchoosediandsetb3asthemostlikely
handsetn mostcasesAs thetransformatiorparametersf
cb3 andcb4 are very close,the recoreredvectors(despite
usingawrongsetof transformatiorparametersganstill be
identifiedcorrectlyby theverificationsystem However, for
handsetl4, usingawrongsetof transformatiorparameters
will slightly increasehe EER becausesl4’s characteristics
aredifferentfrom all otherhandsets.

Table2 shavsthatApproachll is ableto achieve asatis-
factoryresultin mostsituations.However, its performance
is unsatisactorywhenutterance$rom handsetsb4andel4
areusedto testtheverificationsystem.The EERsfor hand-
setsch4andel4, whichare10.23%and7.96%respectiely,
areevenworsethanthoseobtainedby Approachl. Besides,
its averageEER is the worstamongthe threeproposedap-
proaches.

Resultsn Table2 alsoshav thatApproachlll achieses
the bestperformance.lts averageEER is the lowest. Be-
sides,reductionin EERsis the mostsignificantfor the two
‘unseen’handsetsFor theideal situationof this approach,
all utteranceof the ‘unseen’handsetsarerejectedby the
selectorand processedy CMS, andthe EERsof the ‘un-

if featuretransformations used

. . (11)
if CMSis used

seen’handsetgan be reducedto thoseachiezable by the
CMS method. In our case,the EER of handsetl4 is re-

ducedto 7.29%,which is not too far away from 7.18%of

the CMS method. For handsetb4, its EER is lower than
the one usingthe CMS method. This is becausesomeof

the cb4’s utteranceswhich arenot rejectedby the selector
gettransformedoy the transformatiorparametersf hand-
setcb3, which hasa similar characteristid¢o cb4. As are-

sult, the verification systemmay still be ableto recognize
theserecoveredvectorsasif they weretransformedy cb4’s

transformatiorparameters.

6. CONCLUSIONS

A divergence-baselddandseselectomwith out-of-handsete-
jectioncapabilityis introducedo identify the‘unseen’hand-
sets.Whenspeechrom anunknonvn handseis presented,
theselectowill eitheridentify themostlikely handsefrom
its handsetdatabaseor rejectit. Experimentshave been
conductedo transformutterancesisingthe transformation
parametersf the mostlikely handseif their corresponding
handsetsan be identified. On the other hand, utterances
whosehandsetsare considereds ‘unseen’wereprocessed
by CMS. Resultsshav that this approachcan reducethe
averageerror rate and maintainthe error rate of ‘unseen’
handsetso valuescloseto thoseobtainedby CMS.
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