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Abstract

Articulatory feature-basedonditionalpronunciatiormodeling
(AFCPM) aimsto capturethe pronunciationcharacteristicof
speakrsby modelingthe linkage betweerthe statesof articu-
lationduringspeectproductionandtheactualphonegproduced
by a speakr. Previous AFCPM systemsauseonediscreteden-
sity functionfor eachphonemeo modelthepronunciatiorchar
acteristicsof spealkrs. This paperproposesisinga mixture of
discretedensity functionsfor AFCPM. In particular the pro-
nunciationcharacteristic®f eachphonemds modeledby two
densityfunctions: one responsibldor describingthe articula-
tory featureghatare morerelevantto vowels andthe otherfor
consonantsVerificationscoresaaretheweightedsumof theout-
putsof the two models. To enhancehe resolutionof the pro-
nunciationmodels four articulatorypropertiegfront-back,lip-
rounding,placeof articulation,andmannerof articulation)are
usedfor pronunciatiormodeling. The proposedAFCPM is ap-
pliedto aspealer verificationtask. Resultsshav thatusingfour
articulatoryfeaturesachieves a lower error rate as compared
to usingtwo features(mannerand placeof articulation)only.
It wasalsofound that dividing the articulatorypropertiesinto
two groupsis aneffective meansof solvingthe data-sparseness
problemencounteredh thetraining phaseof AFCPM systems.

1. Intr oduction

Therationalebehindusingconditionalpronunciatiormodeling
(CPM)[1] for speakr verificationis thatdifferentspeakrshave
differentwaysof pronouncingthe samephoneme.In contrast
to thecorventionalspealer recognitionsystemsn which short-
term spectralfeaturesare modeledby Gaussiarmixture mod-
els (GMMs) [2], CPM-basedsystemsdentify spealers based
on the speakrs’ pronunciationcharacteristics.The pronunci-
ation characteristicaare encodedas discreteprobability den-
sities from which verification scoresare computed. Because
of the differencesn the featuresin spectral-basednd CPM-
basedsystemsfusing the scoresobtainedfrom thesesystems
canachiere performanceetterthanthat of single-featuresys-
tems[3].

In [4, 5], we proposedan articulatoryfeature-base€€PM
spealker verification system. Two articulatory feature (AF)
streamswere used (insteadof multilingual phonemestreams
asin [1]) for modeling the pronunciationcharacteristicof
speakrs. AFs are someabstractclassesdescribingthe vocal
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tractpropertiesor thearticulatormotionduring speectproduc-
tion. BecauseAFs are directly relatedto the speechproduc-
tion processapplyingthemto CPM facilitatesthe modelingof
speakr’s pronunciationcharacteristics Another advantageof
usingAFsfor CPMis thatmultilingual trainingdataarenotre-
quired,becausarticulatorypropertiesarethe samerrespectve
of languages.

The AF-based CPM systemin [4, 5] uses phoneme-
dependentdiscrete densities of two articulatory properties
(mannerandplaceof articulation)for spealer modeling. More
precisely for eachphonemea two-dimensionaldiscreteden-
sity function of the classesn the mannerand placeof articu-
lationsis built to modelthe way and location that air-stream
alongthevocaltractis obstructedshapedandmodifiedby the
articulators.Althoughthesetwo articulatorypropertiesaaresuf-
ficient for describinghow consonanphonemesare produced,
their ability to describevowel phonemess limited. Research
hasfound that vowel phonemesontainuseful spealer infor-
mationthatare crucial for spealkr recognition[6]. To achieve
betterpronunciationmodeling,this paperproposesaddingan-
othertwo articulatorypropertieqfront-backandlip-rounding),
which are morerelevant to the vowel phonemesto the CPM
systemin [4, 5]. Insteadof building a discretedensityfunc-
tion of four dimensiongfor eachphonemeasin [4, 5], the four
articulatorypropertiesare separatedhto two groups,with one
groupresponsibldor capturingthe pronunciationcharacteris-
tics of vowel phonemesandtheothergroupresponsibldor con-
sonantphonemesTherefore eachphonemehasa two-mixture
densityfunction (onemixture for eachgroup)andthe verifica-
tion scoresfor eachphonemearethe weightedsumof the two
mixtures.Experimentatesultsshav thataddingfront-backand
lip-rounding and dividing the four articulatory propertiesinto
two groupsimprove the resolutionof CPM and thus achieve
a lower error rate ascomparedo the original AF-basedCPM
system.

2. Articulatory Feature-BasedCPM

Articulatory featureq AFs) aretherepresentationsf someim-
portant phonologicalpropertiesappearedduring speechpro-
duction. More precisely AFs are abstractclassesdescrib-
ing the movementsor positionsof differentarticulatorsduring
speechproduction. They have beenappliedto spealer identi-
ficationin [7], where seven speakr-dependenfAF-basedian-
guagemodelswere usedto modelthe distributions of articula-
tory classesAtrticulatory classprobabilitiescanalsobe usedas
featuresn GMM-basedspealkr verificationsystems[8]. Be-
causeAFs arecloselyrelatedto the speechproductionprocess,



Articulatory Numberof
Properties ClasseqgAFs) Classes
Front-back Silence,Front,Back, Nil 4
(FB)
Rounding Silence,Rounded, 4
(R) Not RoundedNil
Manner Silence Vowel, Stop,Fricative, 6
(M) Nasal Approximant-Lateral
Place Silence High, Middle, Low, 10
(P) Labial, Dental,Coronal,

Palatal,Velar, Glottal

Table 1: Articulatory propertiesand the numberof classesn
eachproperty Becausdront-backandroundingarerelevantto
vowels only, a label “Nil” is addedin casethe phonemeis a
consonant.

they aresuitablefor capturingthe pronunciatiorcharacteristics
of speakrs.

2.1. Articulatory Feature Extraction

In our previous work [4, 5], the mannerand placeof articula-
tion, which describethe way and location that the air-stream
alongthevocaltractis constrictedy thearticulatorswereused
for CPM. In this work, besideshe mannerandplace of artic-
ulation, two more articulatoryproperties-the tongueposition
in the horizontalaxis (front-bad) andlip-rounding—were in-
troducedo provide a betterrepresentatioof the pronunciation
characteristic®f vowels and consonantsThesefour articula-
tory propertiesandtheir classesrelistedin Tablel.

The AFs are automaticallydeterminedfrom speechsig-
nalsusingAF-basednultilayerperceptrongMLPs) asfollows.
For eacharticulatoryproperty anAF-MLP takesn consecutie
framesof MFCCsX; (with consecutie frameindexesranging
fromt¢ — % tot + %) asinputto determinethe posteriorproba-
bilities of the outputclassestframet. For example,given X;
atframet, themanneMLP determinesix posteriorprobabil-
ities of the outputclassesi.e., P(LM = m|Xy). With these
probabilities the mannerclasslabel i € M atframet is de-
terminedby

M = arg max P(LM = m|X,), @

wherethe set M is definedin Table1. The four AF streams
for creatingthe conditional pronunciationmodelsare formed
by concatenatinghe front-backlabelsif®, roundinglabelsif?,
mannerlabels [, and placelabels” from¢ = 1,...,T,
whereT is thetotal numberof framesin theutterance.

2.2. Spealer Modeling

The AF-basedCPM system(hereafterreferredto as AFCPM
system)proposedn [5] considerghe combinationf AFs be-
longing to the mannerand placeproperties(seeM andP in
Table1). The systemaimsto establisha link betweerthe two
articulatorypropertiesandthe actualphoneme®obtainedfrom
a phoneme-baserkcognizer Becausdlifferentspeakrshave
differentwaysof pronunciationtheir articulatorypropertiesof
thesamephonemecanbevaried.

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

nerandplaceof articulations,two articulatoryproperties-the
tonguepositionin front-backaxis and the lip-rounding—that
are morerelevant to vowel speechare adopted. The four ar
ticulatory propertiesaredivided into two sets. The front-back,
rounding,and placeare groupedtogetherasa single modelto
capturethe pronunciationcharacteristicof vowel phonemes.
Thereasorof suchgroupingis thatthefront-backandrounding
propertiesare only meaningfulto vowels andthe classesigh,
middle andlow in the placepropertyarethe AFs thatdescribe
vowels. The AFs of mannerandplace,which have beenused
in the previous AFCPM system form anothemmodelto capture
the pronunciatiorcharacteristicef consonanphonemes.

Groupingthe AFs into two setsratherthanconsideringall
of them togetherreducesthe numberof probabilitiesin the
modelssignificantly Comparingto the single-mixtureAFCPM
in [5], theproposedwo-mixtureAFCPM hasabetterresolution
in representinghe pronunciatiorcharacteristicef spealers.

2.2.1. Universal badkgroundmodels

For eachphoneme two setsof universalbackgroundmodels
(UBMs) aretrainedfrom thespeeclof alargenumberof speak-
ersto representhe speakr-independenpronunciationcharac-
teristicscorrespondingo thatphonemeThetrainingprocedure
begins with aligning the AF streamsobtainedfrom the MLPs

anda phonemesequenc®btainedfrom a phonemaecognizer
For a particularphonemeq, the joint probabilitiesof the two

UBMs aredeterminedy

Pbg(map|q)
M P
=Py (L™ =m,L" = p|Phoneme = q)

__#((m, p, q) in thedataof all backgroundspealers)
~ #((q) in thedataof all backgroundspealkrs)

)

and
Pbg(fb, r,p|q)
=Py (L"? = fb, L% = r, L” = p|Phoneme = q)

__#((b, 7, p, ¢) in thedataof all backgroundspealers)
~ #((q) in thedataof all backgroundspealkrs)

@)

wherem € M, p € P, fb € FB,andr € R. (m,p,q) denotes
the conditionfor which L™ = m, L¥ = p and Phoneme =
¢, and(fb,r,p,q) denotesLB = fb, LE = r, L¥ = p, and
Phoneme = q. #/( ) representshe total numberof frames
with phonemdabelsand AF labels(or phonemdabelsonly in
the denominator¥ulfill the descriptioninside the parentheses.
Theprobabilitiesof unseerAF combinationsaresetto zero.

For each phoneme 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 N phonemeshas220N prob-
abilitiesin the UBMs. Althoughthe numberof probabilitiesin
the UBMs is larger thanthatin [5], the amountof dataused
for estimatingeachprobability remainsthe same. This is be-
causethe four AF streamsare independenti.e., a frame can
belongto four articulatoryproperties)asaresult,training data
can be sharedto estimatethe probabilitiesof the two mod-
els. For example,a framethatis recognizedas phoneme/aa/
and assignedAFs L¥Z=back, L®=rounded,L* =vowel, and
L =low canbe usedto estimateboth P, (vowel,low|/aa) and
Pyg(back,rounded,lo|/aa).



2.2.2. Speakr modelshy MAP adaptation

MAP adaptationis appliedto obtain the spealer models[5].
Giventhe backgroundnodelcorrespondindgo phonemeg, the
joint probabilitiesfor spealker s aregivenby

Py(m,pl|q)
=P,(L™ = m,L” = p|Phoneme = q)
g #((m, p, ¢) in thedataof spealer s) 4)

#((q) in thedataof spealer s)
(1 - /B-Sq)PbQ(map|q)7

and

Py(fb, 7,plq)
=P,(L"2 = o, L® = r,L* = p|Phoneme = q)
g #((fb,r, p, q) in thedataof spealer s) N (5)
¢ #((q) in the dataof spealer s)

(1 - 6;1)Pbg(fb7 T7p|q)'

In Egs.4 and5, 8 € [0,1] is a phoneme-dependeatapta-
tion coeficient controlling the contritution of the spealer data
andthebackgroundnodels(Egs.2 and3) onthe MAP-adapted
model. It is obtainedby

87 = #((¢) in thedataof spealkr s) ©)
* 7 #((q) in thedataof speakr s) + r’

wherer is a fixed relevancefactor commonto all phonemes
andspealers. The purposeof r is to controlthe dependencef
theadaptednodels parametersn speakr’s data. The valueof
B2 depend®n thenumberof occurrencesf (¢) in thetraining
data. Theprobabilitiesgivenin Egs.4 and5 areobtainedfrom
the samesetof training datawith the samenumberof occur
rencesof g. Therefore,a samevalueof 37 is appliedto both
Eqgs.4 and5.

2.2.3. Verification

The verificationscoreSarcpm Of atestutterances defined
as:

T

SAFCPM = Z

t=1,
Ps (Xt)7#0,0p4 (Xt )#0
qi # silence

(log ps(X:) — log pug(X+)),

)
where for eacht, ¢; is the phonemelabel, log ps(X;) and
log psg(X:) are log-probabilitiesobtainedfrom the spealer
modelsof the claimedidentity s andthe backgroundmnodels.
Due to the coarticulationeffect, the changeof AFs is asyn-
chronousat the phonemeboundarieg9]. Therefore nsteadof
makinga hardvowel or consonantlecisionin which p(X;) de-
pendsexclusively on P(172, 1%, 17 |q:) for vowel framesor on
P(1,1F |q;) for consonanframes,a soft decisionis adopted
during scorecomputation. More specifically log ps(X:) and
log psg(X:) arethe weightedsumof the log-probabilitiesob-
tainedfrom thetwo CPM modelsasfollows:

log ps(X¢)
=P(vowel| X¢) log Ps (1%, 1, I |a.)+  (8)
[1 — P(vowel| X)) log Ps (1M, 1F )

and

log pg(X+)
=P(vowel|X¢) log Pog (7%, 1,17 |g)+  (9)
[1 — P(vowel| X¢)]log Pbg(ltM, lﬂqt)-

In Egs.8 and9, the weight P(vowel|X}) (i.e., the proba-
bility of vowel) is obtainedrom the outputof themannemMLP
given X;. Therefore the contrikution of the two CPM models
canbeflexibly adjustedaccordingto the vowel probabilities.

3. Fusionof Frame-Weighted Scores

The AFCPM andthe conventional spectralfeatures(MFCCs)
characterizespealers at two differentlevels. The former rep-
resentsthe pronunciationbehaiors of individual spealkrs,
whereasthe latter looks at their vocal tract’s characteristics.
Therefore fusingthe scoref AFCPM-andMFCC-basedys-
temsis expectedio enhancespealkr verificationperformance.
Scoresfrom the AFCPM and MFCC systemswere fused
accordingto the frame-weightedfusion proposedin [4]. A
frame-weightedusedscoreS% is definedas

Sp(t)
sY = - szw(tﬁ(l an)earoo(t) + aus )]
F — W v w)SMFCC wSAFCPM

(10)
wherea, € [0,1] is a fusion weight, W = EtT,zlw(t’),
andw(t) representsheimportanceof the frame-basedcores
(smrcc(t) and sarcpum(t)) with respectto the frame-
weightedfusedscoreS%. It wassuggestedh [4] thatthe prob-
abilitiesestimatedrom themannemLP aremorereliablethan
thosefrom the placeMLP. Therefore probabilitiesof the man-
nerMLP (P(Manner = 1| X;)) wereadoptedasw(t).

4. Experiments

The proposedapproachwas evaluatedon the SPIDRE cor
pus [10]. Genuineverification trials involved one handset-
match corversationand two handset-mismatcleorversations
from eachof the 44 target spealers (spealer sp1007was dis-
cardeddueto corrupteddata);impostorattemptsinvolved 200
corversationsfrom 160 nontaget speakrs. The same set
of nontaget spealers’ corversationswas appliedto all target
speakr modelsin the impostorattempts. Eachof the testing
utteranceswhich contains5 minutesof speech(including si-
lence) wassplitinto shortsggmentswith eachsegmentranging
from 1 to 15 secondsaccordingto the spealkr turnslabeledin
thetranscriptiond11]. A developmentset,which wasusedfor
finding appropriatevaluesfor r» anda,,, wasformedby thetest
dataof 4 target speakrs and 20 impostorsrandomlyselected
from the spealer and impostorsets. All silenceframeswere
removed by avoiceactiity detector

The training corversationof all target spealkers were used
to train the phonememodels. The phonemesetconsistsof 46
contet-independenphoneme$11] (including onesilenceand
four typesof noise) eachof whichwasmodeledy athree-state
left-to-right HMM with 16 diagonal-cearianceGaussiarmix-
turesper state. Acousticvectorsof 39 dimensions-eachcom-
prisingof 12 MFCCs,thenormalizecenegy, andtheirfirst- and
second-ordederivatives—were usedfor training the phoneme
modelsandfor recognition.

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



EER(%)

Featues Matched | Mismatd ]| All

[ MFCC | 759 | 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
the MFCC system the AFCPM systemsandthe fusion of the
two systems AFCPM denotegshe MAP-adaptedAFCPM sys-
tem[5]. 2M-AFCPM denotesghe MAP-adaptedAFCPM sys-
tem with two-mixture modelsproposedn this paper MFCC
+ AFCPM (MFCC + 2M-AFCPM) denotesthe fusion of
frame-weightedFCC scoreandAFCPM (AFCPMwith two-
mixture models)scoresaccordingto Eqg. 10. Matched (Mis-
matded refersto the casesvherethe handsetisedby atarget
speakr in a verificationsessioris identicalto (differentfrom)
the one usedby himself or herselfduring the enrolimentses-
sion. Thetestdatafrom nontagetspealkrsunderMatchedand
Mismatted areidentical. All representshe overall EERsob-
tainedfrom gatheringall testdatafrom thetargetspeakrsusing
bothmatchedandmismatchedandsets.

dimensionalMFCCs: 12 MFCCs, log-enegy, and the corre-
spondingdelta coeficients), 50 hidden nodes, and different
numbers(4, 6, or 10) of output nodes. To improve the ro-
bustnesof AFs againsthandsetariations,a total of 3,794 ut-
terancegandomlyselectedrom all of the 10 handsetsn the
HTIMIT [13] corpuswereusedto train the AF-MLPs.

For the AFCPM systemsphonemesequencesf all train-
ing andtestingutterancesvere obtainedfrom a null-grammar
recognizer The phonemerecognitionaccurag on all testing
utterancesvas37.69%. The alignedAF streamsandphoneme
sequencesf all target speakrs were usedto train the UBMs
(Egs.2 and3) correspondingo 41 phonemegexcludingthe si-
lenceandnoise)in the phoneset. The MAP-adaptedspealer
modelswereobtainedaccordingto Egs.4—6with r setto 18.

For the MFCC system,24-dimensionaMFCC vectors(12
MFCCsandtheir deltacoeficientscomputedevery 14msusing
aHammingwindow of 28ms)wereusedasfeatures A univer-
sal backgroundGMM AMFCC with 512 mixtureswastrained
using all training corversationsof all target speakrs. For a
speakr s in the target spealer set, a spealer GMM AXF¢C
wasadaptedrom A79C usingMAP adaptatiorf2].

Thefusionweightsa,, weredeterminedy four-fold cross
validationsbaseddnthedevelopmentset. More specifically the
dataof thedevelopmentsetweredividedinto four disjoint sub-
sets,andthe fusion weight was selectedsuchthat the average
errorobtainedrom the four-fold evaluationswasminimized.

5. Resultsand Discussions

Table2 shavs theexperimentakesultsof anMFCC system(the
baselinefor comparison)the AFCPM systemsandthe fusion
of thesesystemsUsingtwo-mixtureAFCPMreducegheover
all EER from 24.04%to 23.23%(an 3.37% EER reduction).
This performancegainis mainly attributedto the additionalar
ticulatorypropertiesn thetwo-mixtureAFCPM systemwhich
leadto finerresolutionin the pronunciatiormodels.Theresults
alsosuggesthat consideringthe pronunciationcharacteristics

of vowel andconsonanphonemeseparatelyxanleadto better
verificationsystems.

The fusion resultsgiven in Table 2 also shaws that the
frame-weightedusion of MFCC and AFCPM scoress an ef-
fective meansof combiningthe spectral-and AFCPM-based
systemsAgain,amoresignificanterrorreductionwasobtained
from MFCC + 2M-AFCPM which demonstratethat a better
representationf pronunciationcharacteristiceanbe achiezed
by replacingthe single-mixturemodelswith the two-mixture
modelsin the AFCPM system.

6. Conclusions

This paperhaspresentedan extendedAFCPM spealkr verifi-
cationsystemin which spealkrsaredistinguishedy their pro-
nunciationcharacteristicg termsof thearticulatoryproperties.
Pronunciationcharacteristicsof vowels and consonantsap-
tured separatelyby phoneme-dependeuiscretedistributions
of articulatorystreamsVerificationscoresverecomputedrom
themixtureof thesetwo models.Theproposedchemechieves
betterverification performancehanthe original AFCPM sys-
tem.
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