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Abstract

Articulatory feature-basedconditionalpronunciationmodeling
(AFCPM) aimsto capturethe pronunciationcharacteristicsof
speakersby modelingthe linkagebetweenthestatesof articu-
lationduringspeechproductionandtheactualphonesproduced
by a speaker. PreviousAFCPM systemsuseonediscreteden-
sity functionfor eachphonemeto modelthepronunciationchar-
acteristicsof speakers. This paperproposesusinga mixtureof
discretedensityfunctionsfor AFCPM. In particular, the pro-
nunciationcharacteristicsof eachphonemeis modeledby two
densityfunctions: oneresponsiblefor describingthe articula-
tory featuresthataremorerelevant to vowelsandtheotherfor
consonants.Verificationscoresaretheweightedsumof theout-
putsof the two models. To enhancethe resolutionof the pro-
nunciationmodels,four articulatoryproperties(front-back,lip-
rounding,placeof articulation,andmannerof articulation)are
usedfor pronunciationmodeling.TheproposedAFCPM is ap-
pliedto aspeakerverificationtask.Resultsshow thatusingfour
articulatory featuresachieves a lower error rate as compared
to using two features(mannerandplaceof articulation)only.
It wasalsofound that dividing the articulatorypropertiesinto
two groupsis aneffective meansof solvingthedata-sparseness
problemencounteredin thetrainingphaseof AFCPM systems.

1. Intr oduction
Therationalebehindusingconditionalpronunciationmodeling
(CPM)[1] for speakerverificationis thatdifferentspeakershave
differentwaysof pronouncingthe samephoneme.In contrast
to theconventionalspeaker recognitionsystemsin whichshort-
term spectralfeaturesaremodeledby Gaussianmixture mod-
els (GMMs) [2], CPM-basedsystemsidentify speakers based
on the speakers’ pronunciationcharacteristics.The pronunci-
ation characteristicsare encodedas discreteprobability den-
sities from which verification scoresare computed. Because
of the differencesin the featuresin spectral-basedandCPM-
basedsystems,fusing the scoresobtainedfrom thesesystems
canachieve performancebetterthanthatof single-featuresys-
tems[3].

In [4, 5], we proposedan articulatoryfeature-basedCPM
speaker verification system. Two articulatory feature (AF)
streamswere used(insteadof multilingual phonemestreams
as in [1]) for modeling the pronunciationcharacteristicsof
speakers. AFs are someabstractclassesdescribingthe vocal
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tractpropertiesor thearticulatormotionduringspeechproduc-
tion. BecauseAFs are directly relatedto the speechproduc-
tion process,applyingthemto CPM facilitatesthemodelingof
speaker’s pronunciationcharacteristics.Anotheradvantageof
usingAFs for CPM is thatmultilingual trainingdataarenot re-
quired,becausearticulatorypropertiesarethesameirrespective
of languages.

The AF-based CPM system in [4, 5] uses phoneme-
dependentdiscrete densities of two articulatory properties
(mannerandplaceof articulation)for speaker modeling.More
precisely, for eachphoneme,a two-dimensionaldiscreteden-
sity function of the classesin the mannerandplaceof articu-
lations is built to model the way and location that air-stream
alongthevocaltractis obstructed,shaped,andmodifiedby the
articulators.Althoughthesetwo articulatorypropertiesaresuf-
ficient for describinghow consonantphonemesareproduced,
their ability to describevowel phonemesis limited. Research
hasfound that vowel phonemescontainuseful speaker infor-
mationthatarecrucial for speaker recognition[6]. To achieve
betterpronunciationmodeling,this paperproposesaddingan-
othertwo articulatoryproperties(front-backandlip-rounding),
which aremore relevant to the vowel phonemes,to the CPM
systemin [4, 5]. Insteadof building a discretedensityfunc-
tion of four dimensionsfor eachphonemeasin [4,5], the four
articulatorypropertiesareseparatedinto two groups,with one
groupresponsiblefor capturingthe pronunciationcharacteris-
ticsof vowel phonemesandtheothergroupresponsiblefor con-
sonantphonemes.Therefore,eachphonemehasa two-mixture
densityfunction(onemixturefor eachgroup)andtheverifica-
tion scoresfor eachphonemearetheweightedsumof the two
mixtures.Experimentalresultsshow thataddingfront-backand
lip-roundinganddividing the four articulatorypropertiesinto
two groupsimprove the resolutionof CPM and thus achieve
a lower error rateascomparedto the original AF-basedCPM
system.

2. Articulatory Feature-BasedCPM
Articulatory features(AFs) aretherepresentationsof someim-
portant phonologicalpropertiesappearedduring speechpro-
duction. More precisely, AFs are abstractclassesdescrib-
ing themovementsor positionsof differentarticulatorsduring
speechproduction. They have beenappliedto speaker identi-
fication in [7], whereseven speaker-dependentAF-basedlan-
guagemodelswereusedto modelthedistributionsof articula-
tory classes.Articulatoryclassprobabilitiescanalsobeusedas
featuresin GMM-basedspeaker verificationsystems[8]. Be-
causeAFs arecloselyrelatedto thespeechproductionprocess,



Articulatory Numberof
Properties Classes(AFs) Classes

Front-back Silence,Front,Back,Nil 4���
	��
Rounding Silence,Rounded, 4��
��

Not Rounded,Nil
Manner Silence,Vowel, Stop,Fricative, 6�����

Nasal,Approximant-Lateral
Place Silence,High, Middle, Low, 10�����

Labial,Dental,Coronal,
Palatal,Velar, Glottal

Table1: Articulatory propertiesand the numberof classesin
eachproperty. Becausefront-backandroundingarerelevant to
vowels only, a label “Nil” is addedin casethe phonemeis a
consonant.

they aresuitablefor capturingthepronunciationcharacteristics
of speakers.

2.1. Articulatory FeatureExtraction

In our previous work [4, 5], the mannerandplaceof articula-
tion, which describethe way and location that the air-stream
alongthevocaltractis constrictedby thearticulators,wereused
for CPM. In this work, besidesthemannerandplaceof artic-
ulation, two morearticulatoryproperties—the tongueposition
in the horizontalaxis (front-back) and lip-rounding—were in-
troducedto providea betterrepresentationof thepronunciation
characteristicsof vowels andconsonants.Thesefour articula-
tory propertiesandtheir classesarelistedin Table1.

The AFs are automaticallydeterminedfrom speechsig-
nalsusingAF-basedmultilayerperceptrons(MLPs)asfollows.
For eacharticulatoryproperty, anAF-MLP takes � consecutive
framesof MFCCs ��� (with consecutive frameindexesranging
from ����� � to ��� � � ) asinput to determinetheposteriorproba-
bilities of theoutputclassesat frame � . For example,given �!�
at frame � , themannerMLP determinessix posteriorprobabil-
ities of the outputclasses,i.e., " �$#&%('*),+ � � � . With these
probabilities,themannerclasslabel -/.�10 � at frame � is de-
terminedby

- .� '325476!8925:;=<?> " �$# % '@)A+ � � �CB (1)

wherethe set
�

is definedin Table1. The four AF streams
for creatingthe conditionalpronunciationmodelsare formed
by concatenatingthefront-backlabels -$DFE� , roundinglabels -$G� ,
mannerlabels - .� , and place labels -$H� from � 'JI?BLKLKMKLBON ,
where

N
is thetotalnumberof framesin theutterance.

2.2. Speaker Modeling

The AF-basedCPM system(hereafter, referredto asAFCPM
system)proposedin [5] considersthecombinationsof AFs be-
longing to the mannerandplaceproperties(see

�
and
�

in
Table1). Thesystemaimsto establisha link betweenthe two
articulatorypropertiesandthe actualphonemesobtainedfrom
a phoneme-basedrecognizer. Becausedifferentspeakershave
differentwaysof pronunciation,their articulatorypropertiesof
thesamephonemecanbevaried.

In this work, we extendedthe AFCPM systemin [5] to a
two-mixture AFCPM system. The pronunciationcharacteris-
tics of vowel andconsonantphonemesaremodeledseparately
usingdifferentarticulatoryproperties.In additionto theman-

ner andplaceof articulations,two articulatoryproperties—the
tongueposition in front-backaxis and the lip-rounding—that
are more relevant to vowel speechare adopted. The four ar-
ticulatorypropertiesaredivided into two sets.The front-back,
rounding,andplacearegroupedtogetherasa singlemodelto
capturethe pronunciationcharacteristicsof vowel phonemes.
Thereasonof suchgroupingis thatthefront-backandrounding
propertiesareonly meaningfulto vowels andtheclasseshigh,
middle, andlow in theplacepropertyaretheAFs thatdescribe
vowels. The AFs of mannerandplace,which have beenused
in thepreviousAFCPM system,form anothermodelto capture
thepronunciationcharacteristicsof consonantphonemes.

GroupingtheAFs into two setsratherthanconsideringall
of them togetherreducesthe numberof probabilities in the
modelssignificantly. Comparingto thesingle-mixtureAFCPM
in [5], theproposedtwo-mixtureAFCPMhasabetterresolution
in representingthepronunciationcharacteristicsof speakers.

2.2.1. Universal backgroundmodels

For eachphoneme,two setsof universalbackgroundmodels
(UBMs) aretrainedfrom thespeechof alargenumberof speak-
ersto representthespeaker-independentpronunciationcharac-
teristicscorrespondingto thatphoneme.Thetrainingprocedure
begins with aligning the AF streamsobtainedfrom the MLPs
anda phonemesequenceobtainedfrom a phonemerecognizer.
For a particularphonemeq, the joint probabilitiesof the two
UBMs aredeterminedby"QPSR �UTVBUWX+ZYF�' "[P$R �$# % '\TVBO#^]_'@WX+ "a`cbF��d ) d 'eY?�'gf �O�UThBOWQB5YF� in thedataof all backgroundspeakers

�f �O�7YF� in thedataof all backgroundspeakers
� (2)

and"[P$R �jiLk5BLlmBUWn+jY?�' "[P$R �$#^o�pA'qiLk?B7#&rs' ltBO#^]_'@WX+ "a`cbF��d ) d 'eY?�'gf �O�jiMkFBLlmBUW[BuYF� in thedataof all backgroundspeakers
�f �O�7YF� in thedataof all backgroundspeakers

�
(3)

where
T 0 � ,

W 0 � ,
iLk 0 �!	 , and

l 0 
 . (
T

,
W

,q) denotes
theconditionfor which

# % 'vT
,
# ] 'wW

and "a`xb5��d ) d 'Y
, and(

iMk
,
l
,
W

,q) denotes
# o�p 'eiLk

,
# r 'yl

,
# ] 'vW

, and"a`xb5��d ) d 'zY . f �&� representsthe total numberof frames
with phonemelabelsandAF labels(or phonemelabelsonly in
the denominator)fulfill the descriptioninsidethe parentheses.
Theprobabilitiesof unseenAF combinationsaresetto zero.

For eachphoneme,the two-mixture AFCPM systemin-
volves 60 (total numberof AF combinationsin mannerand
placeproperties)+ 160 (total numberof AF combinationsin
front-back, rounding, and place properties)= 220 probabili-
ties. Therefore,a systemwith { phonemeshas |F|F}F{ prob-
abilities in theUBMs. Althoughthenumberof probabilitiesin
the UBMs is larger than that in [5], the amountof dataused
for estimatingeachprobability remainsthe same. This is be-
causethe four AF streamsare independent(i.e., a frame can
belongto four articulatoryproperties);asa result,trainingdata
can be sharedto estimatethe probabilitiesof the two mod-
els. For example,a framethat is recognizedasphoneme/aa/
andassignedAFs

# o�p
=back,

# r
=rounded,

# %
=vowel, and# ]

=low canbeusedto estimateboth "QPSR � vowel,low
+
/aa/
�

and" P$R � back,rounded,low
+
/aa/
�
.



2.2.2. Speaker modelsbyMAPadaptation

MAP adaptationis appliedto obtain the speaker models[5].
Giventhebackgroundmodelcorrespondingto phonemeq, the
joint probabilitiesfor speaker s aregivenby~"X� �UTVBUWn+jYF�' ~"X� �$# % '\TVBO#^]_'@WX+ "a`cbF��d ) d 'eY?�'��&�� � f �O�UTVBUW[B�Y?� in thedataof speaker � �f �O�7Y?� in thedataof speaker � � � ��UI � ���� � "[P$R �UT�BUWn+jY?�CB

(4)

and~"X� �jiLkFB�ltB�Wn+jY?�' ~"X� �$#^o�pA'qiLk?B7#&rs' ltBO#^]_'@WX+ "a`cbF��d ) d 'eY?�'=� �� � f �O�jiLkFBMl�B�W[BuYF� in thedataof speaker � �f �O�7YF� in thedataof speaker � � � ��UI � � �� � " P$R �jiLk?BLltBUWn+jYF�CK
(5)

In Eqs.4 and5,
� �� 0�� } BLIC� is a phoneme-dependentadapta-

tion coefficient controllingthecontribution of thespeaker data
andthebackgroundmodels(Eqs.2 and3) ontheMAP-adapted
model.It is obtainedby�&�� ' f �O�7Y?� in thedataof speaker � �f �O�7Y?� in thedataof speaker � � �q� B (6)

where � is a fixed relevancefactor commonto all phonemes
andspeakers. Thepurposeof � is to control thedependenceof
theadaptedmodel’s parametersonspeaker’s data.Thevalueof� �� dependson thenumberof occurrencesof

�7Y?�
in thetraining

data.Theprobabilitiesgivenin Eqs.4 and5 areobtainedfrom
the samesetof training datawith the samenumberof occur-
rencesof q. Therefore,a samevalueof

� �� is appliedto both
Eqs.4 and5.

2.2.3. Verification

The verificationscore ��� o���] % of a testutteranceis defined
as:

��� o���] % ' �����[�O������ �n���U����M� �� $¡F�¢�n�U�U����£U�M���¤U¥§¦¢¨ �F© ¨
��ªj«?6�¬ ¤ � �!� � � ªj«F6Q¬ P$R � ��� �O�CB

(7)
where for each � , ­�� is the phonemelabel,

ªj«F6�¬ ¤ � ��� � andªj«?6�¬ PSR � �!� � are log-probabilitiesobtainedfrom the speaker
modelsof the claimedidentity ® andthe backgroundmodels.
Due to the coarticulationeffect, the changeof AFs is asyn-
chronousat thephonemeboundaries[9]. Therefore,insteadof
makingahardvowel or consonantdecisionin which

¬[� � � � de-
pendsexclusively on " � - DFE� B - G� B - H� + ­�� � for vowel framesor on" � - .� B -�H� + ­ � � for consonantframes,a soft decisionis adopted
during scorecomputation. More specifically,

ªj«?6�¬ ¤ � � � � andªj«?6�¬ PSR � �!� � arethe weightedsumof the log-probabilitiesob-
tainedfrom thetwo CPM modelsasfollows:ªj«F6Q¬ ¤ � � � �' " ��¯ bF°=du± + � � �tªj«?6 ~" ¤ � - DFE� B - G� B - H� + ­ � � �� I �," ��¯ b5°²du± + � � �/��ªj«?6 ~" ¤ � -/.� B - H� + ­ � � (8)

and ªZ«F6Q¬ P$R � � � �' " ��¯ bF°=du± + ��� ��ªj«?6 "[PSR � -$DFE� B -�G� B - H� + ­�� � �� I �," ��¯ b5°²du± + ��� �/��ªj«?6 "[PSR � -S.� B - H� + ­�� �CK (9)

In Eqs.8 and9, theweight " ��¯ b5°²du± + �!� � (i.e., theproba-
bility of vowel) is obtainedfrom theoutputof themannerMLP
given ��� . Therefore,thecontribution of the two CPM models
canbeflexibly adjustedaccordingto thevowel probabilities.

3. Fusionof Frame-WeightedScores
The AFCPM andthe conventionalspectralfeatures(MFCCs)
characterizespeakersat two different levels. The former rep-
resentsthe pronunciationbehaviors of individual speakers,
whereasthe latter looks at their vocal tract’s characteristics.
Therefore,fusingthescoresof AFCPM-andMFCC-basedsys-
temsis expectedto enhancespeaker verificationperformance.

Scoresfrom the AFCPM andMFCC systemswere fused
accordingto the frame-weightedfusion proposedin [4]. A
frame-weightedfusedscore�X³o is definedas

� ³o ' I´ �� ���[� ° � � � µ·¶ �§¸��¹ ºC» ¼� �UI �_½X¾ � ® % o���� � � � �q½X¾�®�� o���] % � � �/�
(10)

where ½X¾ 0¿� } B�IM� is a fusion weight,
´ 'ÁÀ ���Â§�X� ° � �UÃ � ,

and ° � � � representsthe importanceof the frame-basedscores
( ® % o���� � � � and ® � o���] % � � � ) with respect to the frame-
weightedfusedscore�X³o . It wassuggestedin [4] thattheprob-
abilitiesestimatedfrom themannerMLP aremorereliablethan
thosefrom theplaceMLP. Therefore,probabilitiesof theman-
nerMLP ( " �SÄÆÅ ����du� ' - .� + �!� � ) wereadoptedas ° � � � .

4. Experiments
The proposedapproachwas evaluatedon the SPIDRE cor-
pus [10]. Genuineverification trials involved one handset-
match conversationand two handset-mismatchconversations
from eachof the 44 target speakers (speaker sp1007wasdis-
cardeddueto corrupteddata);impostorattemptsinvolved 200
conversationsfrom 160 nontarget speakers. The sameset
of nontarget speakers’ conversationswas appliedto all target
speaker modelsin the impostorattempts. Eachof the testing
utterances,which contains5 minutesof speech(including si-
lence),wassplit into shortsegments,with eachsegmentranging
from 1 to 15 secondsaccordingto thespeaker turnslabeledin
thetranscriptions[11]. A developmentset,which wasusedfor
finding appropriatevaluesfor � and ½X¾ , wasformedby thetest
dataof 4 target speakersand20 impostorsrandomlyselected
from the speaker and impostorsets. All silenceframeswere
removedby a voiceactivity detector.

The training conversationof all target speakerswereused
to train the phonememodels.The phonemesetconsistsof 46
context-independentphonemes[11] (includingonesilenceand
four typesof noise),eachof whichwasmodeledby athree-state
left-to-right HMM with 16 diagonal-covarianceGaussianmix-
turesperstate.Acousticvectorsof 39 dimensions—eachcom-
prisingof 12MFCCs,thenormalizedenergy, andtheirfirst- and
second-orderderivatives—wereusedfor training the phoneme
modelsandfor recognition.

The software Quicknet [12] was usedto train four AF-
MLPs, eachcomprising234 input nodes(nine framesof 26-



EER(%)
Features Matched Mismatch All

MFCC 7.59 18.08 15.29

AFCPM 18.07 26.69 24.04
2M-AFCPM 16.69 25.91 23.23
MFCC+ AFCPM 7.09 16.31 13.77
(errorred.%) (6.59) (9.78) (9.94)
MFCC+ 2M-AFCPM 7.15 15.68 13.34
(errorred.%) (5.79) (13.27) (12.75)

Table2: EERsandrelative error reduction(in %) obtainedby
theMFCC system,theAFCPM systems,andthe fusionof the
two systems.AFCPM denotestheMAP-adaptedAFCPM sys-
tem [5]. 2M-AFCPMdenotesthe MAP-adaptedAFCPM sys-
tem with two-mixturemodelsproposedin this paper. MFCC
+ AFCPM (MFCC + 2M-AFCPM) denotesthe fusion of
frame-weightedMFCCscoresandAFCPM(AFCPMwith two-
mixture models)scoresaccordingto Eq. 10. Matched (Mis-
matched) refersto thecaseswherethehandsetusedby a target
speaker in a verificationsessionis identicalto (differentfrom)
the oneusedby himself or herselfduring the enrollmentses-
sion.Thetestdatafrom nontargetspeakersunderMatchedand
Mismatchedareidentical. All representstheoverall EERsob-
tainedfrom gatheringall testdatafrom thetargetspeakersusing
bothmatchedandmismatchedhandsets.

dimensionalMFCCs: 12 MFCCs, log-energy, and the corre-
spondingdelta coefficients), 50 hidden nodes,and different
numbers(4, 6, or 10) of output nodes. To improve the ro-
bustnessof AFs againsthandsetvariations,a total of 3,794ut-
terancesrandomlyselectedfrom all of the 10 handsetsin the
HTIMIT [13] corpuswereusedto train theAF-MLPs.

For the AFCPM systems,phonemesequencesof all train-
ing andtestingutteranceswereobtainedfrom a null-grammar
recognizer. The phonemerecognitionaccuracy on all testing
utteranceswas37.69%.ThealignedAF streamsandphoneme
sequencesof all target speakers wereusedto train the UBMs
(Eqs.2 and3) correspondingto 41phonemes(excludingthesi-
lenceandnoise)in the phoneset. The MAP-adaptedspeaker
modelswereobtainedaccordingto Eqs.4–6with � setto 18.

For theMFCC system,24-dimensionalMFCC vectors(12
MFCCsandtheirdeltacoefficientscomputedevery14msusing
a Hammingwindow of 28ms)wereusedasfeatures.A univer-
sal backgroundGMM Ç . DmÈ�ÈP with 512 mixtureswastrained
using all training conversationsof all target speakers. For a
speaker ® in the target speaker set, a speaker GMM Ç�. DmÈ�È¤
wasadaptedfrom Ç . DmÈcÈP usingMAP adaptation[2].

Thefusionweights ½X¾ weredeterminedby four-fold cross
validationsbasedonthedevelopmentset.Morespecifically, the
dataof thedevelopmentsetweredividedinto four disjoint sub-
sets,andthe fusion weight wasselectedsuchthat the average
errorobtainedfrom thefour-fold evaluationswasminimized.

5. Resultsand Discussions
Table2 shows theexperimentalresultsof anMFCCsystem(the
baselinefor comparison),theAFCPM systems,andthe fusion
of thesesystems.Usingtwo-mixtureAFCPMreducestheover-
all EER from 24.04%to 23.23%(an 3.37%EER reduction).
This performancegainis mainly attributedto theadditionalar-
ticulatorypropertiesin thetwo-mixtureAFCPMsystem,which
leadto finer resolutionin thepronunciationmodels.Theresults
alsosuggestthat consideringthe pronunciationcharacteristics

of vowel andconsonantphonemesseparatelycanleadto better
verificationsystems.

The fusion resultsgiven in Table 2 also shows that the
frame-weightedfusion of MFCC andAFCPM scoresis an ef-
fective meansof combining the spectral-and AFCPM-based
systems.Again,amoresignificanterrorreductionwasobtained
from MFCC + 2M-AFCPM, which demonstratesthat a better
representationof pronunciationcharacteristicscanbeachieved
by replacingthe single-mixturemodelswith the two-mixture
modelsin theAFCPM system.

6. Conclusions
This paperhaspresentedan extendedAFCPM speaker verifi-
cationsystemin which speakersaredistinguishedby their pro-
nunciationcharacteristicsin termsof thearticulatoryproperties.
Pronunciationcharacteristicsof vowels and consonantscap-
tured separatelyby phoneme-dependentdiscretedistributions
of articulatorystreams.Verificationscoreswerecomputedfrom
themixtureof thesetwomodels.Theproposedschemeachieves
betterverificationperformancethanthe original AFCPM sys-
tem.
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[1] D. Klusáček, J. Navrátil, D. A. Reynolds, and J. P. Campbell,

“Conditional pronunciationmodelingin speaker detection,” in
Proc.ICASSP2003, 2003,vol. 4, pp.804–807.

[2] D. A. Reynolds,T. F. Quatieri,andR. B. Dunn, “Speaker veri-
ficationusingadaptedGaussianmixturemodels,” Digital Signal
Processing, vol. 10,pp.19–41,2000.

[3] D. Reynolds, et. al., “The superSIDproject: exploiting high-
level informationfor high-accuracy speaker recognition,” in Proc.
ICASSP2003, HongKong,April 2003,vol. 4, pp.784–787.

[4] K.Y. Leung,M.W. Mak, andS.Y. Kung, “Articulatory feature-
basedconditional pronunciationmodeling for speaker verifica-
tion,” in Proc.ICSLP2004, 2004,pp.516–519.

[5] K. Y. Leung, M. W. Mak, M. Siu, and S. Y. Kung, “Speaker
verification using adaptedarticulatoryfeature-basedconditional
pronunciationmodeling,” in Proc. ICASSP2005, Philadelphia,
PA, USA, March2005,vol. 1, pp.181–184.

[6] J. P. EatockandJ. S. Mason, “A quantitative assessmentof the
relative speaker discriminatingpropertiesof phonemes,” in Proc.
ICASSP1994, 1994,vol. 1, pp.133–136.

[7] http://www.clsp.jhu.edu/ws2002/groups/supersid/.

[8] K. Y. Leung,M. W. Mak, andS. Y. Kung, “Applying articula-
tory featuresto telephone-basedspeaker verification,” in Proc.
ICASSP2004, Montreal,May 2004,vol. 1, pp.85–88.

[9] C. P. Browman andL. Goldstein, “Articulatory phonology: an
overview,” Phonetica, vol. 49,pp.153–180,1992.

[10] J. P. CampbellandD. A. Reynolds, “Corporafor theevaluation
of speaker recognitionsystems,” in Proc. ICASSP1999, 1999,
vol. 2, pp.829–832.

[11] http://www.isip.msstate.edu/projects/switchboard/.

[12] P. Farber, “Quicknet on multispert: fastparallelneuralnetwork
training,” Tech.Rep.TR-97-047,ICSI, 1997.

[13] D. A. Reynolds, “HTIMIT andLLHDB: speechcorporafor the
studyof handsettransducereffects,” in Proc.ICASSP1997, 1997,
vol. 2, pp.1535–1538.


