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ABSTRACT

This paper proposesa speakr verification system basedon
articulatory feature-basedconditional pronunciation modeling
(AFCPM). The systemcaptureghe pronunciationcharacteristics
of spealers by modelingthe linkage betweenthe actualphones
producedby the speakrs and the state of articulationsduring
speectproduction. The speaker models,which consistof condi-
tional probabilitiesof two articulatoryclassesareadaptedrom a
setof universalbackgroundnodels(UBMs) via MAP adaptation.
Thiscreatesadirectcouplingbetweerthespealkrandbackground
models,which preventsoverfitting the speakr modelswhenthe
amountof spealer datais limited. Experimentalresultsdemon-
stratethat MAP adaptatiomnot only enhanceshe discriminative
power of the spealer modelsbut alsoimproves their robustness
againsthandsetmismatches. Resultsalso shav that fusing the
scoredderived from an AFCPM-basedystemanda conventional
spectral-basedystemachieves an error rate that is significantly
lower thanthat canbe achieved by the individual systems.This
suggestshat AFCPM andspectrafeaturesarecomplementaryo
eachother

1. INTRODUCTION

State-of-the-artext-independenspealer recognitionsystemsyp-

ically useGaussiammixture models(GMMSs) [1] to representhe

short-termspectralcharacteristic®f spealers. The advantageof

spectral-baseslystemss thatpromisingresultsareobtainablérom
a limited amountof training data. However, exceptfor spectral
characteristicsthesesystemsgnore otherinformationin speech
signalswhich is usefulfor humanto recognizespealkers.

In recentyears,researcherhave startedto investigatethe use
of high-level features suchasthe usageor durationof particular
words, prosodicfeatures.etc., for spealkr recognition[2]. Their
work hasdemonstratethatthesdeaturesontaindifferentamount
of spealker-dependentnformation and the bestperformancewvas
achievedby asystenthatusesconditionalpronunciatiormodeling
(CPM) techniqueq3]. Becausdlifferentspealershave different
ways of pronouncingthe samephoneme,CPM aimsto charac-
terizethe pronunciatiorbehaiors of a spealer by computingthe
correlationbetweertheintendedphonemesndtheactualphones.
The pronunciationbehaiors were encodedas discreteprobabil-
ity densitiesthat were usedfor verifying spealers similar to the
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corventional GMMs in spectral-basedystems. However, CPM
requiresmultilingual speechdatafor trainingthe phonemodelsof
differentlanguagesndlong utterance$or spealkerenrollmentand
verification.

To avoid the requirementof multilingual training data, Le-
ung et al. [4] proposedusing articulatory feature (AF) streams
to constructconditionalpronunciationmodels. AFs are abstract
classeslescribinghemovementor positionsof differentarticula-
torsduringspeectproduction5]. Comparedo phone-base@PM
in [3], AF-basedCPM providesa more direct coupling between
the pronunciationvariationsand the speechproductionprocess.
Becausehe speeclproductionprocesss a sourceof speakr vari-
ations,AF-basedCPM is betterthanphone-base€PM in terms
of spealker modeling. In addition, articulatorypropertiesare the
samerrespectve of languagesmonolingualspeectdataaresuffi-
cientfor determiningheirvalues.In Leungetal. [4], significantly
shorterutterancesvere usedto enroll and verify spealers when
comparedo thoserequiredin Klusateketal [3]. This hasimpor
tantcomputatiorimplication for large-scaledeployment.

In Leunget al. [4], the discretedistribution of eachspealer
modelwas estimatedexclusively from the enrolimentdataof the
correspondingpealer. Thismayleadto over-trainedspealkermod-
els unlessalundantenrolimentdataare available. To solve this
problem,this papermproposesn adaptatiorapproachin which the
discretedistributionsof speakr modelsareadaptedrom thoseof
universalbackgroundnodels.

2. AF-BASED CPM

2.1. Articulatory Features

AFs aretherepresentationsf someimportantphonologicalprop-
ertiesappearediuringspeectproduction.More precisely AFs are
abstractclasseglescribingthe movementsor positionsof differ-

entarticulatorsduring speeciproduction. AFs have beenapplied
to speakr identification[6] and spealer verification[7]. In [6],

speakr identificationwasperformedby fusingthe scorederived
from sevenspeakr-dependentanguagenodels eachof whichbe-
ing representetly a discreteconditionaldistribution of the articu-
latory classedelongedo a singlearticulatoryproperty For each
utterance seven articulatoryclasssequenceswvere obtainedfrom

seven HMM-basedrecognizerseachresponsiblefor one articu-
latory properties. The usefulnes®f AFs in spealker verification
wasdemonstrateth Leungetal. [7], wherefor eachutterancethe
probabilitiesof 26 articulatoryclassesleterminedrom five mul-



Articulatory Numberof

properties Classes Classes
Manner(M) | Silence Vowel, Stop,Fricatie, 6
Nasal Approximant-Lateral
Place(P) Silence High, Middle, Low, 10

Labial, Dental,Coronal,
Palatal,Velar, Glottal

Table 1. Articulatory propertiesandthe numberof classesn each
property

tilayer perceptron§MLPs) wereconcatenatetb form a sequence
of articulatoryfeaturevectors.The AF sequencevasthenfedto a
GMM spealer modelanda backgroundnodelto computea like-
lihood ratio for decisionmaking.

2.2. Articulatory Feature Extraction

The AF extractionapproactoutlinedin [4] wasadopted.Accord-
ing to [4], only two articulatoryproperties (i.e., the mannerand
placeof articulationslisted in Table 1) were usedfor pronuncia-
tion modeling.

The AF-MLPs take n consecutie framesof Mel-frequeng
cepstrakoeficients(MFCCs)X; (with consecutie frameindexes
rangingfrom ¢t — % to ¢ + %) asinputsat framet. For a given
X, the outputsof thetwo AF-MLPs, P(Manner = m|X;) and
P(Place = p|X.), representhe posteriorprobabilitiesof differ-
ent classedn the mannerand placeof articulation. The manner
classlabell € M andtheplaceclasslabell” € P (the setsof
M andP arelistedin Tablel) atframet aredeterminecy

M = arg max P(Manner = m|X;) and (1)
If = argmax P(Place = p|X3). (2)
pEP

Thetwo AF streams—onefrom themanneMLP andanothefrom
the placeMLP—for creatingtheconditionalpronunciatiormodels
areformedby concatenatind;”’'sandl; 'sfromt = 1,...,T,
whereT is thetotal numberof framesin theutterance.

2.3. Speaker Modeling

AF-basedCPM (hereafterreferredto asAFCPM) aimsto estab-
lish a relationshipbetweenthe articulatoryclassesandthe actual
phonemesbtainedfrom a phoneme-baserkcognizer Because
differentspealers have differentways of pronunciationtheir ar-
ticulatory propertieof the samephonemecanbevaried.

2.3.1. Universal badkgroundmodels

For eachphonemea setof universalbackgroundnodels(UBMs)
is trainedfrom the speectof alarge numberof speakrsto repre-
sentthe spealer-independenpronunciationcharacteristicgorre-
spondingto thatphoneme EachUBM compriseghejoint proba-
bilities of themannerandplaceclassegonditionedonaphoneme.
Thetraining procedurebegins with aligningtwo AF streamsob-
tainedfrom the AF-MLPs anda phonemesequencebtainedrom
a null-grammarrecognizer For a particularphonemey, the joint

probabilitiesof the correspondindBM aredeterminedy

Pyy(Manner = m, Place = p|Phoneme = q)
#((m, p, q) in thedataof all backgroundspealkrs)
#((*, *, ¢) in thedataof all backgroundspealers)

®)

wherem € M, p € P, (m, p, q) denoteghe conditionfor which
Manner = m, Place = p and Phoneme = ¢, * represents
all possiblemembersin that class,and #( ) representshe total
numberof frameswith phonemédabelsand AF labelsfulfill the
descriptioninsidethe parenthesesl he probabilitiesof unseerAF
combinationsare setto zero. For eachphoneme,a total of 60
probabilitiescanbe obtained.Theseprobabilitiesarethe products
of 6 mannerclassesandl10placeclassesThereforeasystemwith
N phoneme#as60.N probabilitiesin the UBMs.

2.3.2. Speakr modelshy MAP adaptation

In Leunget al. [4], speakr modelwasthe joint probabilitiesof
mannerandplaceclassegiventhephoneme; estimatedrom data
of spealer s, which wasexpresseds

Pg(Manner = m, Place = p|Phoneme = q)

_ #((m, p, q) in thedataof spealer s) @)
T #((x,%, ¢) in thedataof spealer s) ’

However, thenumberof occurrencesf somephonemege.g.,/th/,
/sh/and/v/) aretoolow for anaccurateestimatiorof thejoint prob-
abilities. As aresult,the pronunciatiormodelsof thesephonemes
arelessdiscriminatve.

To overcomehedatasparsenegsroblem,speakr modelscan
be adaptedrom the UBMs. This approachcanalso establisha
tightercouplingbetweerthespealkr modelsandbackgrounanod-
els,which canresultin a betterverificationperformancd1].

Giventhebackgroundnodelcorrespondingo phoneme;, the
joint probabilitiesfor spealer s aregivenby:

Ps(Manner = m, Place = p|Phoneme = q)
= pgPs(Manner = m, Place = p|Phoneme = ¢) (5)

(1 — Bq)Psg(Manner = m, Place = p|Phoneme = q),

wheregq € [0, 1] is aphoneme-dependeatiaptatiorcoeficient
controlling the contrikution of the spealer model (Eg. 4) andthe
backgroundnodel(Eg. 3) ontheadaptednodel. Similarto MAP
adaptatiorof GMM-basedsystemg1], 34 is obtainedoy

_ #((%, %, ¢) in thedataof spealer s)
= #((*, %, q) in thedataof spealer s) + r’

Bq (6)

wherer is afixed relevancefactorcommonto all phonemesnd
speakrs. The purposeof r is to control the dependencef the
adaptednodels parametersnspeakr’'s data. Theestimatiorof r
dependonthe numberof prior occurrencesf (x, %, ¢) of all ¢ in
thetrainingdata.lt thenumberof occurrencesf (x, , ¢) is much
lessestimationof the nev modelis lessdependenbn speakr’s
data.Onthecontrary if the numberof occurrencesf (x, %, q) is
significantlygreateithanr, thenj3q will bevery closeto 1 andthe
theadaptednodelwill becomemoredependenbn spealer’s data.



2.3.3. \erification

TheverificationscoreSs rcpar Of atestutterances definedas:

T

SAFCPM = Z

t=1,
ps(Xt)#0
Py (X¢)7#0
gt # silence

(log ps(X:) — logp(Xe)),  (7)

wherefor eacht, ps(X;) andpy(X;) are probabilitiesobtained
from a speakr modelof the claimedidentity s anda background
model,asfollows:

Ps(Xe)
_ Ps(Manner = I, Place = IF'|Phoneme = q;) ?é)
- Ps(Manner = I, Place = IF'|Phoneme = ¢;)

and

po(Xt) = Pog(Manner = I, Place = If' |Phoneme = ¢).

©)
In Egs.8 and9, ¢; is the phonemeat framet. Becauseano spealker
informationis carriedin the silenceframes,they canberemoved
to improve the accurag of the verificationscore.Moreover, only
the “seen” AF combinationg(i.e., ps(X;) # 0 andpy(X;) # 0)
appearedn both spealr andbackgroundnodelsare considered
during verification.

3. FUSION OF FRAME-WEIGHTED SCORES

TheAFCPMandthecorventionalspectrafeatureMFCCs)char
acterizespealersat two differentlevels: the formerrepresenthe
pronunciationbehaiors of individual spealers, whereashe lat-
ter look attheir vocaltract’s characteristicsTherefore fusing the
scoresof AFCPM- and MFCC-basedsystemsds expectedto en-
hancespealkr verificationperformance.

Scoresfrom the AFCPM and MFCC systemswerefusedac-
cordingto theframe-weightedusionproposedy Leungetal. [4].
A frame-weightedusedscoreS% is definedas

Sp(t)
S wt) [(1 — aw)smrce(t) + ausarcra(t)]

t=1

(10)
where a, € [0,1] is a fusion weight, W = ZtT,zlw(t’),
andw(t) representghe importanceof the frame-basedscores
(smrcc(t) andsarcpa (t)) with respecto the frame-weighted
fusedscoreS%. Accordingto Eq. 10, theintroductionof w(t) al-
lows usto adjustthe contritution of the frame-basedusedscores
Sr(t) to thefusedscoreSy. Sameas[4], probabilitiesfrom the
mannetMLP (P(Manner = IM|X;)) wereadoptedasw(t).

1

SF:W

4. EXPERIMENTS

The proposedapproactwasevaluatedon the SPIDREcorpus|[8].
Genuineverificationtrials involved one handset-matcleornversa-
tion andtwo handset-mismatctorversationsrom eachof the 44
target spealers (spealkr sp1007was discardeddue to corrupted
data);impostorattemptsnvolved200corversationgrom 160non-
targetspeakrs. The samesetof nontagetspeakrs’ corversations
wasappliedto all targetspealer modelsin theimpostorattempts.

Eachof thetestingutterancesywhich containss minutesof speech
(including silence),was split into shortsegments,with eachsey-
mentrangingfrom 1 to 15 secondsccordingto the spealer turns
labeledin thetranscriptiong9]. All silenceframeswereremoved
by avoiceactvity detector

Thetraining corversationof all target spealers were usedto
trainthephonemenodels.Thephonemesetconsistedf 46 context-
independenphonemeg9], including one silenceandfour noise,
eachof which was modeledby a three-statdeft-to-right HMM
with 16 diagonal-ceariance Gaussianmixtures per state. The
HTK [10] was usedto train the HMMs. Acousticvectorsof 39
dimensions-eachcomprisingof 12 MFCCs, the normalizeden-
emgy, andtheir first- and second-ordederivatives—were usedfor
trainingthe phonemamodelsandfor recognition.

The software Quicknet[11] wasusedto train two AF-MLPs,
eachof which wascomposedf 234 input nodes(nine framesof
26-dimensionaMFCCs: 12 MFCCs, log enegy, andthe corre-
spondingdeltacoeficients),50 hiddennodes,and either6 or 10
outputnodes. To improve the robustnesf AFs againsthandset
variations,a total of 3,794 utterancesandomlyselectedrom all
of the 10 handsetsn the HTIMIT [12] corpuswereusedto train
the AF-MLPs.

For the AFCPM systemsphonemesequencesf all training
andtestingutterancesvere obtainedfrom a null-grammamecog-
nizer ThealignedAF streamsandphonemeequencesf all target
speakrswereusedto trainasetof UBMs (A 7°FM) representing
the probabilitiesof 60 mannerandplaceclasscombinationscon-
ditionedon 41 phonemegexcluding the silenceandnoise)in the
phoneset. Two approachewereusedto obtainan AFCPM-based
spealer model A2FCPM | For the first approachthe probabilities
in A2FCPM werecomputedasenthe AF streamsndphoneme
sequencesf a givenspeakr s accordingto Eq. 4. This approach
was referredto as AFCPM. In the secondapproachthe spealer
probabilitieswereadaptedrom thoseof A;*¢FM usingthetrain-
ing datafrom spealer s accordingo Egs.5 and 6 with r setto 18.
Hereafterthis adaptatiorapproachs referredto asA-AFCPM.

For the MFCC system,24-dimensionaMFCC vectorswere
usedas features. Eachfeaturevector comprisesl2 MFCCsand
the correspondingleltacoeficientscomputedavery 14msusinga
Hammingwindow of 28ms. A 128-centeiuniversalbackground
GMM AMFCC wastrainedusingall training corversationsof all
targetspeakrs. For aspeakr s in thetamgetspealer set,aspealker
GMM AMFCC was adaptedfrom AMFCC using MAP adapta-
tion [1].

Thefusionweightsa,, weredeterminedy K-fold crossval-
idations. More specifically the testdataof the targetandnontar
getspeakrsweredivided into K disjoint subsetsandthe fusion
weightwasselectedsuchthatthe averageerror obtainedfrom the
K -fold evaluationswasminimized.

5. RESULTSAND DISCUSSIONS

Table 2 shawvs the experimentalresults of an MFCC system
(the baselinefor comparison)the AFCPM systems and the fu-
sion of thesesystems. When adaptationwas adoptedto obtain
the AFCPM speakr models,the EER droppedfrom 25.83%to
24.04%(an7.0%EER reduction).This reductionin EERsoccurs
in both matchedand mismatchechandsetswhich suggestghat
betterspealker models(in termsof capturingspealer characteris-
tics androhustnessgainsthandsevariations)canbe obtainedoy
adaptingthe UBMs. Throughthe adaptationspealkr modelscan



EER(%)
Featues Matched | Mismatd || All
[ MFCC | 855 | 1818 | 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) (21.77) || (13.13)

Table 2. EERsandrelative errorreduction(in %) obtainedfrom

the MFCC systemthe AFCPM systemsandthefusionof thetwo

systems.A-AFCPM denoteghe adaptve AFCPM systemwhose
speakr modelsare adaptedfrom the UBMs. MFCC+AFCPM
(MFCC+A-AFCPM) denoteghefusionof frame-weightedFCC
scoresandAFCPM (adaptve AFCPM)scoresaccordingo Eq. 10.

Matched (Mismatted refersto the casesvherethe handsetised
by atargetspealer in a verificationsessioris identicalto (differ-

entfrom) theoneusedby himselfor herselfduringthe enroliment
sessionThetestdatafrom nontagetspeakrsunderMatchedand
Mismathedareidentical. All representtheoverall EERsobtained
from gatheringall testdatafrom the target spealkrs using both
matchedandmismatchedandsets.

becometightly coupledto the UBMs. This helpsprevent over-
fitting the speaker modelsandimprove their discriminatve power.

Table2 alsoshaws thatthe frame-weightedusion of MFCC
andAFCPMscoress aneffective meanof combiningthespectral-
andAFCPM-basedystemsAgain,amoresignificanterrorreduc-
tion was obtainedfrom MFCC+A-AFCPM which demonstrates
that a better representatiorof pronunciationcharacteristicsan
be achieved by estimatingthe speakr modelsvia MAP adapta-
tion. Thereforejt canbe concludethat A-AFCPM providesmore
speakr-dependeninformationthanAFCPM.

Figurel plotsthedetectiorerrortradeof (DET) curves[13] of
theMFCC systemthe A-AFCPM systemandtheframe-weighted
fusionof thesetwo systemsAlthoughthereis a significantdiffer-
encebetweerthe performanceof the MFCC and A-AFCPM sys-
tems theframe-weightedusionresultsin lower missprobabilities
for awide rangeof falsealarmprobabilities.

6. CONCLUSIONS

Thispaperhaspresentedn AFCPM spealkr verificationsystenin
which speakrsaredistinguishedy their pronunciatiorcharacter
istics. Thisis achieved by the conditionalpronunciatiormodeling
of two articulatorypropertystreamsInsteadof directly estimating
the conditional pronunciationprobabilitiesof spealers, spealer
modelsare adaptedrom universalbackgroundmodelsvia MAP
adaptation. A betterverification performancewas achieved be-
causespealker discriminationis enhancedby atightercouplingbe-
tweenthe spealer modelsandbackgroundnodels.A lower error
rate was achieved by the frame-weightedusion of corventional
MFCC andtheadapted\FCPM scoreswhich suggestshatwithin
an utterance someframesmay containmore speakr-dependent
pronunciatiorcharacteristicthanthe others.

Miss probability (in %)

=+ (A) A-AFCPM Baseline

“““ (B) MFCC Baseline

— (C) Frame—-Weighted Fusion (A)+(B)

2 i i i i
2 5 10 20 40

False Alarm probability (in %)

Fig. 1. Spealer detectionperformanceof the A-AFCPM system,
the MFCC systemandthe fusion of thetwo systems.
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