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ABSTRACT

Researchhasshown that handsetselectorscanbe usedto
assisttelephone-basedspeech/speaker recognition. Most
handsetselectors,however, simply selectthe most likely
handsetfrom asetof known handsetsevenfor speechcom-
ing from an ‘unseen’ handset. This paper proposesa
divergence-basedhandsetselectorwith out-of-handset(OOH)
rejectioncapabilityto identify the ‘unseen’handsets.This
is achievedby measuringtheJensen difference betweenthe
selector’s output and a constantvectorwith identical ele-
ments. The resultinghandsetselectoris combinedwith a
feature-basedchannelcompensationalgorithmfor telephone-
basedspeakerverification.Utteranceswhosehandsetswere
identifiedas‘unseen’areeithertransformedby aglobalbias
vectoror normalizedby cepstralmeansubtraction(CMS).
On theotherhand,if thehandsetcanbe identified(consid-
eredas‘seen’),its correspondingtransformationparameters
will beusedto transformtheutterances.Experimentsbased
on tenhandsetsof theHTIMIT corpusshow thatusingthe
transformationparametersof the ‘seen’ handsetsto trans-
form the utteranceswith correctly identified handsetsand
processingthoseutteranceswith ‘unseen’handsetsby CMS
achievethebestresult.

1. INTRODUCTION

Recently, speakerverificationoverthetelephonehasattracted
much attention,primarily becauseof the proliferation of
electronicbankingandelectroniccommerce.Althoughsub-
stantialprogressin telephone-basedspeakerverificationhas
beenmade,sensitivity to handsetvariationsremainsachal-
lenge.To enhancethepracticalityof thesesystems,handset
compensationtechniquesareindispensable.

We have previously proposeda handsetcompensation
approach[1] thatcanresolvethehandsetvariationproblem.
The approachextendsthe ideasof stochasticmatching[2]
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wheretheparametersof non-linearfeaturetransformations
areestimatedundera maximum-likelihoodframework. To
adoptthe transformationsto telephone-basedspeaker veri-
fication,a GMM-basedhandsetselectorwasalsoproposed
in [1]. Althoughpromisingresultshave beenobtained,the
approachrequiresa handsetdatabasecontainingall types
of handsetsthat the usersare likely to use. Thereare at
leasttwo reasonsthatmakethis requirementdifficult to ful-
fill in practicalsituations.Firstly, thereareso many types
of telephonehandsetson the market. It is almostimpos-
sible to includeall of themin the handsetdatabase.Sec-
ondly, new handsetmodelsarereleasedevery few months,
which meansthat the handsetdatabasehasto be updated
frequentlyin orderto keepit up-to-date.If a claimantuses
ahandsetthathasnotbeenincludedin thehandsetdatabase,
theverificationsystemmayidentify thehandsetincorrectly,
resultingin verificationerror.

To addressthe above problem, this paperproposesa
handsetselectorwith out-of-handset(OOH) rejectioncapa-
bility. Specifically, whena claimantusesa handsetthathas
notbeenincludedin thehandsetdatabase,theselectoriden-
tifies it asan ‘unseen’handset.Thedecisionsmadeby the
selectorarethenusedto assistaspeakerverificationsystem.

2. STOCHASTIC FEATURE TRANSFORMATION

Stochasticmatching[2] is a popularapproachto speaker
adaptationandchannelcompensation.In thecaseof feature
transformation,thechannelis representedby eitherasingle
cepstralbias(b) or a biastogetherwith an affine transfor-
mationmatrix ( � ). In the latter case,the component-wise
form of thetransformedvectorsis givenby������ 	�
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where��� is a ! -dimensionaldistortedvector, " 
$#%��	�&'�(	�)%*	,+�-
is thesetof transformationparameters,��� denotesthetrans-
formationfunction,and ./�� is the transformedvector. Intu-
itively, thebias #%�(	�) compensatestheconvolutivedistortion
andtheparameters#0��	1) compensatestheeffectsof noise.



In this work, we will considerthe bias term only (i.e.��	�
32 for all 4 ) becauseourpreviousresults[1] haveshown
that the zero-and1st-ordertransformationachieve a com-
parableerror reduction. Following the derivation in [2],
the maximum-likelihoodsolution of 5 
76 � - � 8:9;9<9�� *>=@?
in eachEM iterationis
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U2R&<V;V<V(&XW , arethe
meanvectorsandcovariancematricesof an W -centerGaus-
sianmixturemodel( Y>Z ) representingthecleanspeech,andH G ��9 � is theposteriorprobabilityH G �I� � �E� � �S�[
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3. OUT-OF-HANDSET(OOH) REJECTION

The handsetselectorusedin our previous work [1] is de-
signed to identify the most likely handsetused by the
claimants. The handset’s identity was thenusedto select
theparametersto recover thedistortedspeech.Specifically,
eachhandsetis associatedwith one set of transformation
parameters;during verification,an utteranceof claimant’s
speechis fed to q GMMs (denotedas #%r�sp)%ts +�- ). Themost
likely handsetis selectedaccordingtou�v 
 arg

tw:x�ns +�-zy ?�E+�-_{,|~} a ��� � ^ r�s�� (5)

wherea �E��� ^ r s � is thelikelihoodof the
u
-th handset.Then,

the transformationparameterscorrespondingto the
u v

-th
handsetare usedto transformthe distortedvectors.1 Be-
fore verificationcantake place,we needto derive oneset
of transformationparametersfor eachof the handsetsthat
the usersare likely to use. Although resultshave shown
that thehandsetselectoris ableto identify thetenhandsets
in HTIMIT at a rateof 98.29%,it may fail to work if the
claimant’sspeechis comingfrom an‘unseen’handset.

To overcomethis problem,we proposeto enhancethe
handsetselectorby providing it with out-of-handset(OOH)

1Thehandsetselectorcanalsobeappliedto detecthandsettypes(e.g.
carbonbutton,electret,head-mounted,etc.).In thatcase,therewill beone
setof transformationparametersfor eachclassof handsets.

rejectioncapability. That is, for eachutterance,the selec-
tor will eitheridentify themostlikely handsetor rejectthe
handset.Thedecisionis basedon thefollowing rule:

if �P� �����&R��R�>��� identify thehandset� �����&R��R�>��� rejectthehandset
(6)

where � �����&���R� is theJensen difference [3, 4] between�� and�� (whosevalueswill bediscussednext) and � is a decision
threshold.� ����>&R���� canbecomputedas
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where ���;��p� , calledtheShannonentropy, is definedby���;����d
 O y t	�+�- � 	 {�|R} � 	 (8)

where �%	 is the 4 -th componentof �� .
The Jensen difference hasa non-negative value and it

canbeusedto measurethedivergencebetweentwo vectors.
If all elementsof �� and �� aresimilar, � ����>&R���� will have a
small value. On theotherhand,if theelementsof �� and ��
arequitedifferent,thevalueof � ����>&���R� will belarge.For the
casewhere �� is identicalto �� , � ����>&R��R� becomeszero.There-
fore, Jensen difference is an ideal candidatefor measuring
thedivergencebetweentwo � -dimensionalvectors.

Our handsetselectorusestheJensen difference to com-
pare the probabilitiesof a test utteranceproducedby the
known handsets.Let � 
�#0�������]
�2R&<V;V<V(&S��) be a se-
quence of feature vectors extracted from an utterance
recordedby an unknown handset,and  E¡ �E�¢��� be the log-
likelihoodof observingthe pattern��� given it is generated
by the H -th handset(i.e.  E¡ �������j
 {,|~} a ����� ^ r ¡ � ). Theaver-
agelog-likelihoodof observingthesequence� , givenit is
generatedby the H -th handset,is£ ¡ � � �d
 2� y ?�E+�-  E¡ �E�¢��� V (9)

Foreachvectorsequence� , wecreate��¤
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with eachof its element� ¡ 
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representingthe probability that the test utteranceis pro-
ducedby the H -th handsetsuch that C t ¡ +�- � ¡ 
¦2 and� ¡¨§ª© for all H . If all the elementsof �� aresimilar, the
probabilitiesof thetestutteranceproducedby eachhandset
areclose,andit is difficult to identify which handsettheut-
terancecomesfrom. On the otherhand,if theelementsof�� arenotsimilar, theprobabilitiesof somehandsetsmaybe
high. In this case,it is confidentto identify thehandsetthat
is responsiblefor producingtheutterance.



The similarity amongthe elementsof �� is determined
by the Jensen difference � ����>&R���� between �� (with the ele-
mentsof vector �� definedin (10)) anda referencevector��«
¬6 � - �08:9<9<9�� t­= ? where � ¡ 
 -t , H 
®2~&<V<V;V(& q . A
smallJensen difference indicatesthatall elementsof �� are
similar, while alargevaluemeansthattheelementsof �� are
quitedifferent.

During verification, when the selectorfinds that the
Jensen difference � �����&R���� isgreaterthanorequalto thethresh-
old � , theselectoridentifiesthemostlikely handsetaccord-
ing to (5), andthetransformationparameterscorresponding
to the selectedhandsetareusedto transformthe distorted
vectors. On the other hand,when � ����>&����� is lessthan � ,
the selectorconsidersthe sequence� to be coming from
an‘unseen’handset.In thelattercase,thedistortedvectors
will beprocesseddifferently, asdescribedin Section4.

4. EXPERIMENTS

Approach OOH Rejection Rejection Handling
I No No
II Yes Useaglobalbiasvectorto

transformtherejectedutterances
III Yes UseCMS-basedspeaker models

to verify therejectedutterances

Table 1. Threeapproachesto integrating out-of-handset
(OOH) rejectioninto thespeakerverificationsystem.

In this paper, threedifferentapproachesto integrating
theout-of-handsetrejectioninto a speaker verificationsys-
tem are proposed. Seven handsets(cb1-cb3,el1-el3, and
pt1) andoneSennheizerhead-mountedmicrophone(senh)
from HTIMIT [5] wereusedasthe ‘seen’ handsets,while
anothertwo handsets(cb4 andel4) wereusedas the ‘un-
seen’handsets.2 Speechfrom handsetsenhwasusedfor en-
rolling speakers,while speechfrom theotherninehandsets
wasusedfor verifying speakers (see[1] for details). The
resulting systemswere comparedagainsta baselinesys-
tem(without any handsetselectorsandfeaturetransforma-
tion) anda systemusingcepstralmeansubtraction(CMS)
aschannelcompensation.We denotethe threeapproaches
asApproachI, ApproachII, andApproachIII, which are
detailedin Table1.

4.1. Approach I: Handset Selector without OOH Rejec-
tion
The handsetselectorconsistsof eight different 64-center
Gaussianmixture models(GMMs) #0r�s~)0¯s +�- . EachGMM
wastrainedwith thedistortedspeechrecordedfrom thecor-
respondinghandset.Also, for eachhandset,a setof feature
transformationparameters" thattransformspeechfrom the

2A closerlook at thetransformationparametersindicatesthatthechar-
acteristicof handsetcb4 is similar to that of handsetcb3. On the other
hand,handsetel4 hascharacteristicsnot similar to any other‘seen’hand-
sets.

correspondinghandsetto senhwerecomputed(seeSection
2). Notethatutterancesfrom handsetscb4andel4havenot
beenusedto createany GMMs, becausecb4andel4 were
usedasthe‘unseen’handsets.

Duringverification,atestutterancewasfedto theGMM-
basedhandsetselector. The selectorthen chosethe most
likely handsetoutof theeighthandsetsaccordingto (5)withq 
�° . Then,thetransformationparameterscorresponding
to the

u v
-th handsetwere usedto transformthe distorted

speechvectorsfor speakerverification.
In this approach,if testutterancesfrom handsetcb4or

el4arefedto thehandsetselector, theselectorwill beforced
to choosea wrong handsetandusethe wrong transforma-
tion parametersto transformthedistortedvectors.

4.2. Approach II: Handset Selector with OOH Rejec-
tion and Global Transformation
In additionto theeightsetsof featuretransformationparam-
eters,a global biasvectorthat transformsspeechfrom the
sevenhandsets(cb1-cb3,el1-el3,andpt1) to senhwascre-
ated. Utterancesfrom handsetscb4 andel4 werenot used
to createthisvectorbecausetherewerenoGMMs to model
thesetwo handsetsin ourhandsetselector. Notethatthisap-
proachusesahandsetselectorwith out-of-handsetrejection
capability(seeSection3). Specifically, for eachutterance,
thehandsetselectordetermineswhetherit is recordedfrom
oneof the 8 known handsets.If it is the case,the corre-
spondingtransformationwill be usedto transformthe dis-
tortedspeechvectors;otherwise,theglobalbiasvectorwill
beusedinstead.

4.3. Approach III: Handset Selector with OOH Rejec-
tion and CMS
This approachis similar to ApproachII in that it usesthe
samesetof handsetselectorsto make anacceptor a reject
decisionaccordingto (6) for eachutterance.With theaccept
decision,thehandsetselectorselectsthemostlikely handset
from theeighthandsetsandusesthecorrespondingtransfor-
mationparametersto transformthedistortedvectors.How-
ever, unlike ApproachII, cepstralmeansubtraction(CMS)
wasappliedto thoseutterancesrejectedby thehandsetse-
lectorto recover thecleanvectorsfrom thedistortedones.

The recoveredvectorswere fed to a 32-centerGMM
speaker model. Dependingon which methodwasusedto
processthe distortedvectors,the recoveredvectorswere
either fed to a GMM-basedspeaker model without CMS
( ±³² ) to obtainthescore( {�|R} a �E´ ^ ±³² � ) or fed to a GMM-
basedspeakermodelwith CMS( ±¶µ F:·² ) toobtaintheCMS-
basedscore( {,|~} a ��´ ^ ±¶µ F:·² � ). In eithercase,the score
wasnormalizedaccordingto (11) where ±³¸ and ±¶µ F:·¸
are the 64-centerGMM backgroundmodel without CMS
and with CMS respectively. ����´¹� was comparedwith a
thresholdto make a verificationdecision.In this work, the



Handset Selector Equal Error Rate (%)
Trans. Method Integration Approach cb1 cb2 cb3 cb4 el1 el2 el3 el4 pt1 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 9.59 7.18 6.81 8.29 4.66
0th-orderST ApproachI 4.14 3.63 9.15 10.04 3.55 6.84 6.53 7.92 4.95 6.31 3.01
0th-orderST ApproachII 4.03 3.63 9.15 10.23 3.55 6.84 6.53 7.96 4.95 6.32 3.01
0th-orderST ApproachIII 4.14 3.64 9.15 9.78 3.52 6.84 6.53 7.29 4.96 6.21 3.01

Table 2. Equalerrorrates(in %) achievedby thebaseline,cepstralmeansubtraction(CMS),andthethreeapproachesshown
in Table1. Theenrollmenthandsetis “senh”. Theaveragehandsetidentificationaccuracy is 98.19%.Notethatthebaseline
andCMSdo not requirethehandsetselector. 0th-orderSTstandsfor zero-thorderstochastictransformation.

���E´¹��
 � {�|R} a �E´ ^ ± ² � O {�|R} a �E´ ^ ±³¸ � if featuretransformationis used{�|R} a �E´ ^ ±¶µ F:·² � O {�|R} a �E´ ^ ±¶µ F:·¸ � if CMS is used
(11)

thresholdfor eachspeaker was adjustedto determinean
equalerrorrate(EER).

5. RESULTS

The experimentalresultsare summarizedin Table 2. All
thestochastictransformationsusedin this experimentwere
of zero-thorder. For ApproachII, the threshold� for the
decisionrule usedin the handsetselectorwasset to 0.06,
while for ApproachIII, � wassetto 0.07. Thesethreshold
valueswerefoundempiricallyto obtainthebestresult.

Table2 showsthatApproachI reducestheaverageequal
errorrates(EERs)substantially. Its averageEERgoesdown
to6.31%,ascomparedto 12.93%for thebaselineand8.29%
for CMS.However, no significantreductionin EERfor the
‘unseen’handsetwas found. The EER of handsetcb4 is
slightly lower than the oneusing the CMS method. This
is becausewhenutterancesfrom cb4arefed to thehandset
selector, theselectorchooseshandsetcb3asthemostlikely
handsetin mostcases.As thetransformationparametersof
cb3 andcb4 arevery close,the recoveredvectors(despite
usingawrongsetof transformationparameters)canstill be
identifiedcorrectlyby theverificationsystem.However, for
handsetel4,usingawrongsetof transformationparameters
will slightly increasetheEERbecauseel4’s characteristics
aredifferentfrom all otherhandsets.

Table2 showsthatApproachII is ableto achieveasatis-
factoryresultin mostsituations.However, its performance
is unsatisfactorywhenutterancesfrom handsetscb4andel4
areusedto testtheverificationsystem.TheEERsfor hand-
setscb4andel4,whichare10.23%and7.96%respectively,
areevenworsethanthoseobtainedby ApproachI. Besides,
its averageEERis theworstamongthe threeproposedap-
proaches.

Resultsin Table2 alsoshow thatApproachIII achieves
the bestperformance.Its averageEER is the lowest. Be-
sides,reductionin EERsis themostsignificantfor thetwo
‘unseen’handsets.For the idealsituationof this approach,
all utterancesof the ‘unseen’handsetsarerejectedby the
selectorandprocessedby CMS, andthe EERsof the ‘un-

seen’handsetscan be reducedto thoseachievableby the
CMS method. In our case,the EER of handsetel4 is re-
ducedto 7.29%,which is not too far away from 7.18%of
the CMS method. For handsetcb4, its EER is lower than
the oneusing the CMS method. This is becausesomeof
thecb4’s utterances,which arenot rejectedby theselector,
get transformedby the transformationparametersof hand-
setcb3,which hasa similar characteristicto cb4. As a re-
sult, the verificationsystemmay still be ableto recognize
theserecoveredvectorsasif they weretransformedby cb4’s
transformationparameters.

6. CONCLUSIONS

A divergence-basedhandsetselectorwith out-of-handsetre-
jectioncapabilityis introducedto identify the‘unseen’hand-
sets.Whenspeechfrom anunknown handsetis presented,
theselectorwill eitheridentify themostlikely handsetfrom
its handsetdatabase,or reject it. Experimentshave been
conductedto transformutterancesusingthetransformation
parametersof themostlikely handsetif theircorresponding
handsetscan be identified. On the other hand,utterances
whosehandsetsareconsideredas‘unseen’wereprocessed
by CMS. Resultsshow that this approachcan reducethe
averageerror rate and maintainthe error rate of ‘unseen’
handsetsto valuescloseto thoseobtainedby CMS.
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