Predicting segmental duration using Bayesian belief networks
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Abstract

Modelling segmentdurationin text-to-speechsystemsis hin-
deredby the databaseémbalanceand factor interactionprob-
lems.We proposea probabilisticBayesiarbelief network (BN)
approacho overcomedatasparsityandfactorinteractionprob-
lems. The belief network approachmakesgoodestimationsn
casef missedor incompletedata. Also, it capturedactorin-
teractionin a conciseway of causalrelationshipsamongthe
nodesin adirectedagyclic (DAG) graph.Furthermorea belief
network approachallows a significantreductionof the number
of parameterso be estimated.n our work, we modelsegment
durationas a hybrid Bayesiannetwork consistingof discrete
and continuousnodes;eachnodein the network representa
linguistic factorthataffectsseggmentalduration. Theinteraction
betweenthe factorsis representeds conditionaldependence
relationsin the graphicalmodel. We contrastedhe resultsof
belief network modelwith thoseof sumsof productamodeland
classificationand regressiontree (CART) model. We trained
andtestedall threemodelson the samedata.Our BN modelof
vowels performsbetterthanthe SoPmodel: the belief network
achieves a RMS error of 3 millisecondscomparedwith 7 ms
from SoRP The CART modelalsoproducesnerrorof 3 ms,and
henceour nev modelisn't ary worsein termsof final perfor
mance.TheBN modelfor consonantalsoproducegpromissing
RMSerrorvaluesitheBN givesavalueof 2 millisecondsversus
4 msfor SoPand1 msfor the CART. TheconsonanBN archi-
tectureis notoptimalin termsof correlationvalues;asearctfor
bettermodelwill bedonein the future. However, we think our
modelhasmary otheradvantagesomparedo SoR for instance
it is mucheasietto configureandexperimentwith new features.
This shouldmale it easierto adaptto new languages.

1. Introduction

This work is a continuationof our previous efforts to model
segmentdurationusing Bayesianbelief network approacH1].
Seggmentdurationis influencedby anumberof linguisticfactors
suchassgymentidentity, stresdevel of a syllablewith atarget
segment,accentof a word the syllableis a part of, identity of
precedingandfollowing segments positionof atargetsegment
within a syllable,word, andutteranceln machinelearningap-
proachto segmentmodelling, databasesre usedto calculate
theparametersf a durationalmodel.

In general,databasethat are usedto model sggmentdu-
ration suffer from dataimbalanceproblem. On the one hand,
only a smallanduneven fraction of linguistically allowed fac-
tor combinationss presenin atraining databasedlifferentfac-
tor combination®ccurwith unequalrequenciesFurthermore,
factorsaffecting segmentaldurationinteract; a set of two or
more factorsmay amplify or attenuatehe affect of otherfac-
tors.

Previousresearchertried to overcomethe abose problems
by applyingdifferenttechniquesangingfrom rule-based?], to
statistical(classificatiorandregressiortrees[3]), to supervised
data-drvenapproachefthe Sums-of-Product®yr SoPduration
model[4]-[5]).

The CART durationalmodelwasthe one successfullyim-
plementedn mary researchext-to-speectsystemg6]. Such
a popularity was due to the easeof building a model and its
satishctorypredictionpower. Still the CART modelunderper
formedwhenthe percentof missingdatawastoo high. It also
respondedbadlyto noisein thedata.

Anotherapproachpamelysums-of-producsnodel[5], re-
ceivedalot of attentionover the pastdecadelt is anexampleof
ageneralinearmodelwherebysegmentdurationis represented
asa sumof factors’producttermsthateffect sgmentduration.
IntheSoPmodelby [4] segmentdurationwasmodeledasalog-
transformatiorof linguistic factors.In the SoPmodelthe prob-
lems of dataimbalanceand factorinteractionare thoroughly
addressedHowever, this is doneat the expenseof substantial
datapreprocessingln addition,the numberof differentsums-
of-productamodelsgrows hyperexponentiallywith thenumber
of factors. Therefore,oneshouldapply someheuristicssearch
techniguedo find amodelthatfits datathe best.

Therefore we put forward a Bayesiarbelief network (BN)
approachas an alternatve to conventionaldeterministictech-
niguesof datamodelling.

The structureof the paperis thefollowing. We give a the-
oretical motivation behinda BN approachin section2. We
explain the detailsof applying BN analysisto segmentdura-
tion modellingin section3. We proceedwith describingthe
databasesisedfor the presentresearchn section4. We de-
scribethe experimentsanddiscusgshe resultsin section5. We
concludewith discussinguturework in section6.

2. Bayesian belief networkstheory

We apply Bayesiarbelief network approachto modellingseg-
mentdurationasan generalstatisticalframewvork for datapre-
diction in which we could take principled approacheso tack-
ling dataimbalanceand factor interactionproblems. We be-
lieve a BN approachis well suitedfor durationmodelling be-
causethe basictopologyof the modelis flexible, which allows
amodeldesigneto useaproblemdomainknowledgeto control
whichfactorscanbe consideredndependentTheconsequence
of this is thatfactorinteractionscanbe capturedby indicating
the causarelationshipsf the factorsin the connectiity of the
nodesin a directedagyclic (DAG) graph. This in turn allows
a significantreductionin the numberof parameterso be esti-
mated.

Formally a Bayesian network is defined by a triple
(G, Q, P), whereG = (¥, E) is adirectedagyclic graphwith



anodeset® representing problemdomaininformation; E is
a setof edgesthat describesconditionaldependengc relations
amongdomainvariablesy? is a spaceof possibleinstantiations
of domainvariablesand P is ajoint probability distribution for
all of thenodesof thegraphG.

Themostimportantpropertyof a Bayesiametwork, called
Markov property stateghateachvariablein a network is inde-
pendenbf its non-descendantgvenits parentsThis allowsto
factorisethejoint probabilitydistribution P into asetof univari-
ateconditionaldistributionsover variablesof a network. Given
asetof problemdomainvariablesP (X1, X», ..., Xn) thejoint
probability distribution P factorisedik e so:

N
P(X15X2J--':XN) = HP(Xllpa(z)) (1)
i=1
whereN is asizeof a BN, pa(i) is a setof parentsof a node
X;.

3. Durational Bayesian Belief network
model

In our work, we model duration of a segmentas a hybrid

Bayesiametwork consistingof discreteandcontinuousnodes;
eachnodein the network representsa linguistic factor that
affects segmentalduration. Interactionsbetweenfactorsare
representea@s conditionaldependeng relationsin a graphical
model. Duration estimationis accomplishedvia learningthe
parametersf the Bayesiametwork in a"from causeto effect”

fashion;given a setof causalfactorsthat affect ssgmentdura-
tion, we find themostprobablevalueof duration.

For the corvenienceof probabilisticanalysis the nodeset
® of a hybrid BN is partitionedinto a setof discretevariables
A andasetof continuousvariabled. In caseof durationalBN,
the setI’ consistof justonescalamodeD thatcorrespond$o
the durationvaluesof a segment. The setA variesaccording
to whetherthe sggmentis a vowel or a consonantit alsovaries
dependingon what”causal’factorsareselectedor analyis.

3.1. BN model of vowels

In case of the vowel duration model, the set of dis-
crete nodes A consists of discrete variables correspond-
ing to contetual factorsthat affect vowel duration, A =
(V, Wpost, S, Utt, Cpre, Cpost, Wpre). The vowel BN of
size8is shawvn in Figurel. V is avowel identity node;it takes
on 20 valuesaccordingo the numberof thevowel phonescho-
senfor analysis.W post is awithin word positionnode;it takes
onvaluescorrespondingo initial, medial,andfinal positionof a
syllablewith atargetvowel in aword. S is astressode taking
on stressedind unstressedalues. Utt nodedescribegphrasal
positionof aword with atargetvowel, takingon valuesinitial,
medial,andfinal. Cpre describeghe classof precedingseg-
ment. We limited possiblevaluesfor Cpre to two, voicedstop
andother Cpost variablecorrespondso the classof the fol-
lowing segment. Whenthe following sggmentis a consonant,
the valuesfor C'post nodearebasedon voicing andmannerof
productionfeaturesfor consonantijt takeson valuesvoiceless
stops, voicelessaffricate, liquids, voicelessfricatives, nasals,
voiced stops,voiced affricate, and voiced fricatives. In addi-
tion, Cpost nodecantake on valuesvowel andsilence.W pre
nodecorrespondso the numberof syllablesthatprecedeatar
getvowel; zero,one,andmorethanone. Accordingto Markov
property the joint probability distribution P over the varibles
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Figure 1: Vowel duration Bayesian network of size 8; boxes
represent discrete nodes, oval represents a continuous node.

V, Wpost, S, Utt, Cpre, Cpost, Wpre, D factorisedik e so:

P(V,Wpost, S, Utt, Cpre, Cpost, Wpre, D) =
P(D|V, Wpost, S, Utt, Cpre, Cpost, Wpre) x
P(V) x P(Wpost) x P(S|V, Wpost) x
P(Utt) x P(Cpre) x P(Cpost) x P(Wpre) (2)

The joint distribution P for a hybrid BN canbe expressed
asaconditional(CG) Gaussiar{se€[7] for details).In particu-
lar, we areinterestedn estimatingthe parametersf the condi-
tional probabilityof acontinuousiurationnodeD givenits par
entsP(D|V, Wpost, S, Utt, Cpre, Cpost, Wpre). For every
instantiationof discretenodess € A thedistribution over the
durationnodeD is given:

p(D(9)]6 € A) = N(d, u(6), Z(9)) @)
whereD(4) is avalueof a vowel duration, A/ (-) is a Gaussian
pdf of thedurationnodeD.

We estimateddurationvaluesin the following fashion.We
initialised parametersf the Gaussiampdf A'(-) to prior values
calculatedasmamginal meandor every instantiationof the val-
uesof A in thetraining set. We appliedEM algorithmto esti-
matethe parametersf a BN basedn thetrain set. Finally, we
calculatedhe predictedvaluesof durationfor thetestset.

3.2. BN mode of consonants

For the consonantmodel, the variablesset G consistsof a
continuousnode D correspondingo conosnandurationval-
ues,anda setof discrete’causal” nodesA correspondingo
the contextual factorsthat affect consonantduration, A =
(C, Wpost, S, NSyls, V Front). Ourchoiceof discretenodes
was basedon the work doneby [8] on the factorinteraction
affecting consonanturation. It shouldbe stressedigain, this
choiceof factorsis not necesserallyhe optimal solutionin our
Bayesiaranalysis.TheBN selectedor theanalysidgs shavnin
Figure2. A nodeC correspond$o a consonantdentity factor;
it takeson 24 values. W post nodecorresponds$o a consonant
positionwithin aword, taking on initial, medial,andfinal val-
ues.S noderepresentastressvalue(stressear unstressedpr
asyllabicvowel. NSyls is anodedescribinga numberof syl-
lablesin aword with a targetconsonantlt cantake on values
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Figure2: Consonant duration Bayesian network of size 6; boxes
represent discrete nodes, oval represents a continuous node.

correspondingo aword with one,two, three four or morethan
four syllables.V F'ront is avariabledescribinghefrontedness
of asyllabicvowel, takingon front, middle,andbackvalues.

The joint distribution for the consonanBN factorisedike
so:

P(C,Wpost, S, NSyls,V Front, D) =
P(D|C,Wpost, S, NSyls, VFront) x
P(C) x P(Wpost) x P(S|V Front, Wpost) (4)
xP(NSyls) x P(V Front) (5)

We areinterestedn estimatingthe parameter®f the con-
ditional probability of the continuousdurationnodeD givenits
parentsP(D|C, Wpost, S, NSyls, V Front) which is given
by Equation3. The paramterestimationfor the consonanBN
wasdonesimilarly to theparamteestimatiorfor thevowel BN.

4. Databases

For our researchwe useda databasef a RP male spealer of
English(rjs). We usedonly a subsetof rjs database¢hat con-
tained1268utterancegover 115,000segments).The database
wasdividedinto a train (90%) andtestsets(10%). The vowel
setwasdividedinto 41,066train sgmentsand4,447testsey-
ments. The consonantset comprised64,618train and 7,110
testsggments.Eachsegmentin the databasewasmarked with
segmentandsyllable-level phonetidnformation. Thedatabases
alsocontainedvord boundariesndlexical stressinformation.

5. Experimental results

One of the adwantagesof a BN approachis its felxibility in
selectingproblemdomainvariablesanddefiningindependence
relationsamongthese. Therefore we canexperimentwith the
networks of differentsizesandvaryingconnectvity.

5.1. Vowels

For thevowel analysiswe usedthe network of size8 with dis-
cretenodesetA = (V, Wpost, S, Utt, Cpre, Cpost, Wpre).
In Figure 3 the RMS error valuesof the predictedvowel dura-
tionsfor rjs databaséor the BN of size8 areshavn. As canbe
seerfrom thefigure,theBN modelperformsbetterthanthe SoP
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Figure 3: RMSE values of predicted vowel durations for rjs
database.
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Figure4: Correlation values of predicted vowel durations for
rjs database.

model acrossdifferentvowel classeswith the medianRMSE
valuesbeing3 msand7 mscorespondinglyin thatrespecthe
BN modelcomparesn performanceavith the CART modelthat
produceshe samemedianRMSE value of 3 ms. In Figure4
the correlationcoeficient valuesof the predictedvowel dura-
tions for rjs databasere shavn. As one can notice from the
figurethe BN modelproduceslightly lower correlationvalues,
with the mediancorrelationcoeficient valuesacrossdifferent
vowel classesbeing 0.56, 0.61, and 0.94 for the BN, CART,
andSoPmodelsrespectiely. However, whencalculatedacross
the whole test setthe correlationvaluesare 0.84 for the BN
model,and0.82and0.72for the CART andSoPmodelrespec-
tively. We canspeculat¢hattheBN modelis toosensitvetothe
amountof dataavailablefor prediction,makinggoodestimates
for largertestsets.

We also investigatedthe problem of the network size on
theaccurag of the BN parameteestimation.We experimented
with the networks of sizes5 and6, with the discretenodessets
beingsubset®f thediscretenodesetof the network of size8.

The problemof hybrid BN structurelearningis AP-hard,
thereforewe cannotclaimthatourheuristicselectiorapproach
exhaustvely selectsall optimal subsetf "causal”’nodes.We
basedour choiceof factorsselectionuponthe resultsreported
by otherresearcheg¢seefor example,[5]). Tablel1 shaws the

# | Subset Nodes| BN SpaceSize
1 | DV WpostS Utt 5 360

2 | DV WpostSUtt Cpost 6 3600

3 | DV WpostS Utt CpreCpostWpre 8 21600

Tablel: Vowel BNs of differentsizesselectedor durationanal-

ysis.
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Figure5: Correlation values for the vowel ii (424 segments) for
the BNs of different sizes. Test set (4,447 segments).
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Figure6: Correlation values of predicted consonant durations
for rjs database.

nodesetsselectedfor our analysis. For the BN of size 6 we
selectedhe discreteset A = (V, Wpost, S, Utt, Cpre). For
the BN of size 5 the discreteset consistedof the nodesA =
(V, Wpost, S, Utt).

The correlationvaluesfor the networks of different sizes
for thevowel ii areshavn in Figure5. As onecanseefrom the
figure,the correlationchange®only slightly, from 0.73t0 0.70,
whenthe nodesetdoesnot containprevious context informa-
tion atthe sggmentandword level (nodesCpre andW pre). If
thefollowing context informationat the segmentlevel is disre-
garded(nodeCpost), the predictionpower of the network de-
gradessubstantially Sucha behaiour of the BN may indicate
theimportanceof thefollowing contet informationfor the BN
parameteestimation.

5.2. Consonants

For our consonant duration analysis we selected just
one network of size 6, with the node set G =
(D, C,Wpost, S, NSyls,V Front).

In Figure 6 correlationcoeficient valuesof the predicted
consonantiurationsfor rjs databasareshavn. As canbeseen
from thefigure,the BN modelslightly underperformsn terms
of the correlationvaluescomparedo the CART andSoPmod-
els,with themediancorrelationcoeficient valuesacrosdiffer-
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Figure7: RMSE values of predicted consonant durations for rjs
database.

entvowel classe$eing0.38,0.59,and0.95for the BN, CART,
andSoPmodelsrespectiely. However, the calculationscarried
out for the whole test set producethe values0.6 for the BN
model,and0.72for the CART, and0.51for the SoPmodels.

In Figure7 thevaluesof RMS errorvaluesof the predicted
consonantiurationsfor rjs databasareshavn. As onecansee
from thefigure,the BN modelof size6 givesthe medianRMS
errorvalueof 2 ms, performingbetterthanthe SoPmodel(the
RMS errorvalueof 4 ms)andworsethanthe CART model(the
RMS errorvalueof 1 ms).

From the above results,it follows that the consonanBN
model performsno worsethanthe SoP model. We may also
concludethat the network selectedfor our consonantnalysis
is notanoptimalsolutionfor theconsonantiurationprediction.
In the future, we plan to experimentwith networks of bigger
sizesthatwould take into accountprevious andfollowing con-
text information.

6. Conclusions and future work

Our Bayesian analysis of vowel duration producessome
promissingresultsin termsof RMSE values. The resultsare
betteror comparabldo thoseproducedby the SoPand CART

models.Acrossthe vowel classesthe BN modelgivesthe me-
dianRMSEvalueof 3 ms;thecorrespondingaluesare7 msfor

the SoPand3 msfor the CART models.However, it shouldbe
pointedout thatthe BN modelis quite sensitve to the amount
of datausedfor prediction,producinglower correlationvalues
for smallersets.

Basedon the the consonananalysisresults,we may con-
cludethatthenetwork selectedor our consonananalysiss not
anoptimalsolutionfor theconsonantiurationprediction.In the
future,we planto experimentwith networksof biggersizesthat
would take into accountprevious andfollowing context infor-
mation.In addition,we planto explorethepossibilitiesof learn-
ing network structurefrom data. This would aid tremendously
in selectingoptimalnetwork configuration@ndmaximizingthe
predictingpower of the Bayesiaranalysis.
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