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ABSTRACT

This paper proposesa speaker verification system based on
articulatory feature-basedconditional pronunciation modeling
(AFCPM). The systemcapturesthe pronunciationcharacteristics
of speakers by modelingthe linkage betweenthe actualphones
producedby the speakers and the stateof articulationsduring
speechproduction. Thespeaker models,which consistof condi-
tional probabilitiesof two articulatoryclasses,areadaptedfrom a
setof universalbackgroundmodels(UBMs) via MAP adaptation.
Thiscreatesadirectcouplingbetweenthespeakerandbackground
models,which preventsover-fitting thespeaker modelswhenthe
amountof speaker datais limited. Experimentalresultsdemon-
stratethat MAP adaptationnot only enhancesthe discriminative
power of the speaker modelsbut also improves their robustness
againsthandsetmismatches. Resultsalso show that fusing the
scoresderivedfrom anAFCPM-basedsystemanda conventional
spectral-basedsystemachieves an error rate that is significantly
lower thanthat canbe achieved by the individual systems.This
suggeststhatAFCPM andspectralfeaturesarecomplementaryto
eachother.

1. INTRODUCTION

State-of-the-arttext-independentspeaker recognitionsystemstyp-
ically useGaussianmixture models(GMMs) [1] to representthe
short-termspectralcharacteristicsof speakers. The advantageof
spectral-basedsystemsis thatpromisingresultsareobtainablefrom
a limited amountof training data. However, except for spectral
characteristics,thesesystemsignoreother information in speech
signalswhich is usefulfor humanto recognizespeakers.

In recentyears,researchershave startedto investigatetheuse
of high-level features,suchasthe usageor durationof particular
words,prosodicfeatures,etc., for speaker recognition[2]. Their
workhasdemonstratedthatthesefeaturescontaindifferentamount
of speaker-dependentinformationand the bestperformancewas
achievedbyasystemthatusesconditionalpronunciationmodeling
(CPM) techniques[3]. Becausedifferentspeakershave different
ways of pronouncingthe samephoneme,CPM aims to charac-
terizethepronunciationbehaviors of a speaker by computingthe
correlationbetweentheintendedphonemesandtheactualphones.
The pronunciationbehaviors were encodedasdiscreteprobabil-
ity densitiesthat wereusedfor verifying speakers similar to the
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conventionalGMMs in spectral-basedsystems.However, CPM
requiresmultilingual speechdatafor trainingthephonemodelsof
differentlanguagesandlongutterancesfor speakerenrollmentand
verification.

To avoid the requirementof multilingual training data, Le-
ung et al. [4] proposedusing articulatory feature(AF) streams
to constructconditionalpronunciationmodels. AFs areabstract
classesdescribingthemovementsor positionsof differentarticula-
torsduringspeechproduction[5]. Comparedto phone-basedCPM
in [3], AF-basedCPM providesa moredirect couplingbetween
the pronunciationvariationsand the speechproductionprocess.
Becausethespeechproductionprocessis asourceof speaker vari-
ations,AF-basedCPM is betterthanphone-basedCPM in terms
of speaker modeling. In addition,articulatorypropertiesare the
sameirrespectiveof languages,monolingualspeechdataaresuffi-
cientfor determiningtheirvalues.In Leungetal. [4], significantly
shorterutteranceswereusedto enroll andverify speakers when
comparedto thoserequiredin Klusáčeket al [3]. This hasimpor-
tantcomputationimplicationfor large-scaledeployment.

In Leunget al. [4], the discretedistribution of eachspeaker
modelwasestimatedexclusively from theenrollmentdataof the
correspondingspeaker. Thismayleadto over-trainedspeakermod-
els unlessabundantenrollmentdataareavailable. To solve this
problem,this paperproposesanadaptationapproachin which the
discretedistributionsof speaker modelsareadaptedfrom thoseof
universalbackgroundmodels.

2. AF-BASED CPM

2.1. Articulatory Features

AFs aretherepresentationsof someimportantphonologicalprop-
ertiesappearedduringspeechproduction.Moreprecisely, AFsare
abstractclassesdescribingthe movementsor positionsof differ-
entarticulatorsduringspeechproduction.AFs have beenapplied
to speaker identification[6] andspeaker verification [7]. In [6],
speaker identificationwasperformedby fusingthescoresderived
from sevenspeaker-dependentlanguagemodels,eachof whichbe-
ing representedby adiscreteconditionaldistributionof thearticu-
latory classesbelongedto a singlearticulatoryproperty. For each
utterance,seven articulatoryclasssequenceswereobtainedfrom
seven HMM-basedrecognizers,eachresponsiblefor onearticu-
latory properties. The usefulnessof AFs in speaker verification
wasdemonstratedin Leungetal. [7], wherefor eachutterance,the
probabilitiesof 26 articulatoryclassesdeterminedfrom five mul-



Articulatory Numberof
properties Classes Classes

Manner ���
	 Silence,Vowel, Stop,Fricative, 6
Nasal,Approximant-Lateral

Place ����	 Silence,High, Middle, Low, 10
Labial,Dental,Coronal,

Palatal,Velar, Glottal

Table 1. Articulatorypropertiesandthenumberof classesin each
property.

tilayer perceptrons(MLPs) wereconcatenatedto form a sequence
of articulatoryfeaturevectors.TheAF sequencewasthenfed to a
GMM speaker modelanda backgroundmodelto computea like-
lihood ratio for decisionmaking.

2.2. Articulatory Feature Extraction

TheAF extractionapproachoutlinedin [4] wasadopted.Accord-
ing to [4], only two articulatoryproperties,(i.e., the mannerand
placeof articulationslisted in Table1) wereusedfor pronuncia-
tion modeling.

The AF-MLPs take 
 consecutive framesof Mel-frequency
cepstralcoefficients(MFCCs) ��� (with consecutive frameindexes
rangingfrom ����� � to ����� � ) as inputsat frame � . For a given� � , theoutputsof thetwo AF-MLPs, ������� 
!
#"%$'&)(+* � � 	 and���,�.-/� 01"2&435* ���6	 , representtheposteriorprobabilitiesof differ-
ent classesin the mannerandplaceof articulation. The manner
classlabel 798�;: � andtheplaceclasslabel 7�<�=: � (thesetsof� and � arelistedin Table1) at frame � aredeterminedby

7 8� &�>@?BADCE>GFHJILK �����M� 
!
N"%$.&O(P* ���Q	R>@SUT (1)

7 <� &�>@?BA�CE>GFVWIYX ���,�.-/� 01"J&P35* � � 	[Z (2)

Thetwo AF streams—onefrom themannerMLP andanotherfrom
theplaceMLP—for creatingtheconditionalpronunciationmodels
are formedby concatenating7 8� ’s and 7 <� ’s from �E&;\W]%Z^Z^Z^]`_ ,
where_ is thetotalnumberof framesin theutterance.

2.3. Speaker Modeling

AF-basedCPM (hereafter, referredto asAFCPM) aimsto estab-
lish a relationshipbetweenthearticulatoryclassesandtheactual
phonemesobtainedfrom a phoneme-basedrecognizer. Because
differentspeakershave differentwaysof pronunciation,their ar-
ticulatorypropertiesof thesamephonemecanbevaried.

2.3.1. Universal backgroundmodels

For eachphoneme,a setof universalbackgroundmodels(UBMs)
is trainedfrom thespeechof a largenumberof speakersto repre-
sentthe speaker-independentpronunciationcharacteristicscorre-
spondingto thatphoneme.EachUBM comprisesthejoint proba-
bilities of themannerandplaceclassesconditionedonaphoneme.
The training procedurebegins with aligning two AF streamsob-
tainedfrom theAF-MLPsandaphonemesequenceobtainedfrom
a null-grammarrecognizer. For a particularphonemea , the joint

probabilitiesof thecorrespondingUBM aredeterminedby

�cb,de����� 
!
#"%$f&=gh]B�.-/� 0^"J&4ij* �.kmlW
N"%(n"J&oaY	
& p �6�Qgh]`ic]@a@	 in thedataof all backgroundspeakers	p �6�9qL][qr]@aW	 in thedataof all backgroundspeakers	 (3)

where g : � , i : � , ( g , i , a ) denotestheconditionfor which���s
!
N"%$t&ug , �.-/� 01"v&wi and �.kml@
#"%(h"v&;a , q represents
all possiblemembersin that class,and

p ��	 representsthe total
numberof frameswith phonemelabelsandAF labelsfulfill the
descriptioninsidetheparentheses.Theprobabilitiesof unseenAF
combinationsare set to zero. For eachphoneme,a total of 60
probabilitiescanbeobtained.Theseprobabilitiesaretheproducts
of 6 mannerclassesand10placeclasses.Therefore,asystemwithx

phonemeshas yWz x probabilitiesin theUBMs.

2.3.2. Speaker modelsby MAPadaptation

In Leunget al. [4], speaker modelwas the joint probabilitiesof
mannerandplaceclassesgiventhephonemea estimatedfrom data
of speaker { , which wasexpressedas

� { ����� 
N
N"%$.&|gn]6�.-/� 0^"J&Oi5* �.kelW
N"%(n"J&oaY	
& p �6�Qgh]Qic]GaW	 in thedataof speaker {G	p �6�9qr][qL]@aY	 in thedataof speaker {%	 Z (4)

However, thenumberof occurrencesof somephonemes(e.g.,/th/,
/sh/and/v/) aretoolow for anaccurateestimationof thejoint prob-
abilities.As a result,thepronunciationmodelsof thesephonemes
arelessdiscriminative.

To overcomethedatasparsenessproblem,speakermodelscan
be adaptedfrom the UBMs. This approachcan alsoestablisha
tightercouplingbetweenthespeakermodelsandbackgroundmod-
els,whichcanresultin a betterverificationperformance[1].

Giventhebackgroundmodelcorrespondingto phonemea , the
joint probabilitiesfor speaker { aregivenby:}� { ���M� 
!
N"%$.&|gn]B�.-/� 01"~&4ij* �.kml@
N"G(h"~&oaW	& � a � { ���M� 
!
N"%$.&=gh]B�.-/� 01"~&4ij* �.kml@
N"G(h"~&oaW	 (5)�Q\���� a 	Q� b�d �����s
!
N"%$.&|gn]B�.-��s01"~&4ij* �.kml@
N"%(n"J&�aW	[]
where � a :O� z ]%\1� is a phoneme-dependentadaptationcoefficient
controlling thecontribution of the speaker model(Eq. 4) andthe
backgroundmodel(Eq.3) on theadaptedmodel.Similar to MAP
adaptationof GMM-basedsystems[1], � a is obtainedby

� a & p �6�9qL][qr]@aW	 in thedataof speaker {G	p �6�9qL][qr]@a@	 in thedataof speaker {%	N�t$ ] (6)

where $ is a fixed relevancefactorcommonto all phonemesand
speakers. The purposeof $ is to control the dependenceof the
adaptedmodel’sparametersonspeaker’sdata.Theestimationof $
dependson thenumberof prior occurrencesof �9qr]�qr]@aW	 of all a in
thetrainingdata.It thenumberof occurrencesof �9qr][qL]GaW	 is much
lessestimationof the new model is lessdependenton speaker’s
data.On thecontrary, if thenumberof occurrencesof �9qr]1qL]GaW	 is
significantlygreaterthan $ , then � a will beverycloseto 1 andthe
theadaptedmodelwill becomemoredependentonspeaker’s data.



2.3.3. Verification

Theverificationscore�!�N�#�N�N� of a testutteranceis definedas:

�!�N�#�N�N��& ��
���c�6�VG�^���j�Q�`��N�V%�1���j�9�Q��N��Q�^����`����� �@  �

��¡£¢YA#3¤�W�����Q	c�+¡£¢WA¥3¤b%�����`	6	[] (7)

wherefor each � , 3¤�W�����Q	 and 3¤b%�����Q	 areprobabilitiesobtained
from a speaker modelof theclaimedidentity ¦ anda background
model,asfollows:

3¤�@�����`	
& § � { �����s
!
N"%$.&=798� ]B�.-/� 0^"J&=7,<� * �.kmlW
N"%(n"~&O¨ � 	 or}� { �����s
!
N"%$.&=7 8� ]B�.-/� 0^"J&=7 <� * �.kmlW
N"%(n"~&O¨%�Q	 (8)

and

3 b ��� � 	j&�� b,d ����� 
!
#"%$f&o7 8� ]B�.-��s01"~&=7 <� * �.kml@
#"%(h"~&O¨ � 	[Z
(9)

In Eqs.8 and9, ¨%� is thephonemeat frame � . Becauseno speaker
informationis carriedin thesilenceframes,they canberemoved
to improve theaccuracy of theverificationscore.Moreover, only
the “seen”AF combinations(i.e., 3¤�W�����Q	R©&ªz and 3¤b%�����6	E©&ªz )
appearedin both speaker andbackgroundmodelsareconsidered
duringverification.

3. FUSION OF FRAME-WEIGHTED SCORES

TheAFCPMandtheconventionalspectralfeatures(MFCCs)char-
acterizespeakersat two differentlevels: the former representthe
pronunciationbehaviors of individual speakers, whereasthe lat-
ter look at their vocal tract’s characteristics.Therefore,fusingthe
scoresof AFCPM- andMFCC-basedsystemsis expectedto en-
hancespeaker verificationperformance.

Scoresfrom the AFCPM andMFCC systemswerefusedac-
cordingto theframe-weightedfusionproposedby Leungetal. [4].
A frame-weightedfusedscore�5«� is definedas

� «� & \¬ �� ���c�U­ �®�B	 ¯[°
��±®�² ³�´ µ� �Q\¶�¸·5¹s	6¦ ���N�#� �®�6	#�t·5¹s¦ �#�N�N�#� �®�B	9�

(10)
where ·5¹ :º� z ]%\1� is a fusion weight,

¬ &¼» ��®½��5� ­ �®�`¾®	 ,
and ­ �®�B	 representsthe importanceof the frame-basedscores
( ¦ ���N�N� �®�6	 and ¦ �N�N�#�N� �®�6	 ) with respectto theframe-weighted
fusedscore� «� . Accordingto Eq.10, theintroductionof ­ �®�B	 al-
lows usto adjustthecontribution of theframe-basedfusedscores� � �®�B	 to the fusedscore�5«� . Sameas[4], probabilitiesfrom the
mannerMLP ( ������� 
N
N"%$.&=7 8� * ���`	 ) wereadoptedas ­ �®�6	 .

4. EXPERIMENTS

Theproposedapproachwasevaluatedon theSPIDREcorpus[8].
Genuineverificationtrials involved onehandset-matchconversa-
tion andtwo handset-mismatchconversationsfrom eachof the44
target speakers (speaker sp1007was discardeddue to corrupted
data);impostorattemptsinvolved200conversationsfrom 160non-
targetspeakers.Thesamesetof nontargetspeakers’ conversations
wasappliedto all targetspeaker modelsin theimpostorattempts.

Eachof thetestingutterances,whichcontains5 minutesof speech
(including silence),wassplit into shortsegments,with eachseg-
mentrangingfrom 1 to 15 secondsaccordingto thespeaker turns
labeledin thetranscriptions[9]. All silenceframeswereremoved
by a voiceactivity detector.

The training conversationof all target speakerswereusedto
trainthephonememodels.Thephonemesetconsistedof 46context-
independentphonemes[9], including onesilenceandfour noise,
eachof which was modeledby a three-stateleft-to-right HMM
with 16 diagonal-covarianceGaussianmixtures per state. The
HTK [10] wasusedto train the HMMs. Acousticvectorsof 39
dimensions—eachcomprisingof 12 MFCCs, the normalizeden-
ergy, andtheir first- andsecond-orderderivatives—wereusedfor
trainingthephonememodelsandfor recognition.

ThesoftwareQuicknet[11] wasusedto train two AF-MLPs,
eachof which wascomposedof 234 input nodes(nine framesof
26-dimensionalMFCCs: 12 MFCCs, log energy, and the corre-
spondingdeltacoefficients),50 hiddennodes,andeither6 or 10
outputnodes.To improve the robustnessof AFs againsthandset
variations,a total of 3,794utterancesrandomlyselectedfrom all
of the10 handsetsin theHTIMIT [12] corpuswereusedto train
theAF-MLPs.

For the AFCPM systems,phonemesequencesof all training
andtestingutteranceswereobtainedfrom a null-grammarrecog-
nizer. ThealignedAF streamsandphonemesequencesof all target
speakerswereusedto trainasetof UBMs ( ¿ÁÀmÂsÃ < 8b ) representing
theprobabilitiesof 60 mannerandplaceclasscombinationscon-
ditionedon 41 phonemes(excluding thesilenceandnoise)in the
phoneset.Two approacheswereusedto obtainanAFCPM-based
speaker model ¿ ÀmÂsÃ < 8� . For thefirst approach,theprobabilities
in ¿ÄÀUÂ Ã < 8� werecomputedbasedontheAF streamsandphoneme
sequencesof a givenspeaker ¦ accordingto Eq.4. This approach
wasreferredto asAFCPM. In the secondapproach,the speaker
probabilitieswereadaptedfrom thoseof ¿ ÀmÂsÃ < 8b usingthetrain-
ing datafrom speaker ¦ accordingto Eqs.5 and 6 with $ setto 18.
Hereafter, this adaptationapproachis referredto asA-AFCPM.

For the MFCC system,24-dimensionalMFCC vectorswere
usedas features.Eachfeaturevectorcomprises12 MFCCsand
thecorrespondingdeltacoefficientscomputedevery 14msusinga
Hammingwindow of 28ms. A 128-centeruniversalbackground
GMM ¿ 8 ÂsÃsÃb wastrainedusingall training conversationsof all
targetspeakers.For aspeaker ¦ in thetargetspeaker set,aspeaker
GMM ¿J8 ÂsÃsÃ� was adaptedfrom ¿¶8 Â ÃeÃb using MAP adapta-
tion [1].

Thefusionweights · ¹ weredeterminedby Å -fold crossval-
idations. More specifically, the testdataof the targetandnontar-
get speakersweredivided into Å disjoint subsets,andthe fusion
weightwasselectedsuchthat theaverageerrorobtainedfrom theÅ -fold evaluationswasminimized.

5. RESULTS AND DISCUSSIONS

Table 2 shows the experimental results of an MFCC system
(the baselinefor comparison),the AFCPM systems,and the fu-
sion of thesesystems. When adaptationwas adoptedto obtain
the AFCPM speaker models,the EER droppedfrom 25.83%to
24.04%(an7.0%EERreduction).This reductionin EERsoccurs
in both matchedand mismatchedhandsets,which suggeststhat
betterspeaker models(in termsof capturingspeaker characteris-
tics androbustnessagainsthandsetvariations)canbeobtainedby
adaptingtheUBMs. Throughtheadaptation,speaker modelscan



EER(%)
Features Matched Mismatch All

MFCC 8.55 18.18 15.84

AFCPM 19.52 27.69 25.83
A-AFCPM 18.07 26.69 24.04
MFCC+AFCPM 8.50 16.61 14.44
(errorred.%) (0.58) (8.63) (8.83)
MFCC+A-AFCPM 8.25 16.04 13.76
(errorred.%) (3.5) (11.77) (13.13)

Table 2. EERsandrelative error reduction(in %) obtainedfrom
theMFCCsystem,theAFCPMsystems,andthefusionof thetwo
systems.A-AFCPMdenotestheadaptive AFCPM systemwhose
speaker modelsare adaptedfrom the UBMs. MFCC+AFCPM
(MFCC+A-AFCPM) denotesthefusionof frame-weightedMFCC
scoresandAFCPM(adaptiveAFCPM)scoresaccordingto Eq.10.
Matched(Mismatched) refersto thecaseswherethehandsetused
by a targetspeaker in a verificationsessionis identicalto (differ-
entfrom) theoneusedby himselfor herselfduringtheenrollment
session.Thetestdatafrom nontargetspeakersunderMatchedand
Mismatchedareidentical.All representstheoverallEERsobtained
from gatheringall test datafrom the target speakers using both
matchedandmismatchedhandsets.

becometightly coupledto the UBMs. This helpsprevent over-
fitting thespeaker modelsandimprove theirdiscriminativepower.

Table2 alsoshows that the frame-weightedfusionof MFCC
andAFCPMscoresisaneffectivemeansof combiningthespectral-
andAFCPM-basedsystems.Again,amoresignificanterrorreduc-
tion was obtainedfrom MFCC+A-AFCPM, which demonstrates
that a better representationof pronunciationcharacteristicscan
be achieved by estimatingthe speaker modelsvia MAP adapta-
tion. Therefore,it canbeconcludethatA-AFCPM providesmore
speaker-dependentinformationthanAFCPM.

Figure1 plotsthedetectionerrortradeoff (DET) curves[13] of
theMFCCsystem,theA-AFCPM system,andtheframe-weighted
fusionof thesetwo systems.Althoughthereis a significantdiffer-
encebetweentheperformanceof theMFCC andA-AFCPM sys-
tems,theframe-weightedfusionresultsin lowermissprobabilities
for a wide rangeof falsealarmprobabilities.

6. CONCLUSIONS

ThispaperhaspresentedanAFCPMspeakerverificationsystemin
whichspeakersaredistinguishedby theirpronunciationcharacter-
istics.This is achievedby theconditionalpronunciationmodeling
of two articulatorypropertystreams.Insteadof directlyestimating
the conditionalpronunciationprobabilitiesof speakers, speaker
modelsareadaptedfrom universalbackgroundmodelsvia MAP
adaptation. A betterverification performancewas achieved be-
causespeaker discriminationis enhancedby a tightercouplingbe-
tweenthespeaker modelsandbackgroundmodels.A lower error
ratewasachieved by the frame-weightedfusion of conventional
MFCCandtheadaptedAFCPMscores,whichsuggeststhatwithin
an utterance,someframesmay containmore speaker-dependent
pronunciationcharacteristicsthantheothers.
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Fig. 1. Speaker detectionperformanceof theA-AFCPM system,
theMFCC system,andthefusionof thetwo systems.
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