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Abstract
Modelling segmentdurationin text-to-speechsystemsis hin-
deredby the databaseimbalanceand factor interactionprob-
lems.WeproposeaprobabilisticBayesianbeliefnetwork (BN)
approachto overcomedatasparsityandfactorinteractionprob-
lems. Thebelief network approachmakesgoodestimationsin
casesof missedor incompletedata.Also, it capturesfactorin-
teractionin a conciseway of causalrelationshipsamongthe
nodesin a directedacyclic (DAG) graph.Furthermore,a belief
network approachallows a significantreductionof thenumber
of parametersto beestimated.In our work, we modelsegment
durationas a hybrid Bayesiannetwork consistingof discrete
andcontinuousnodes;eachnodein the network representsa
linguistic factorthataffectssegmentalduration.Theinteraction
betweenthe factorsis representedas conditionaldependence
relationsin the graphicalmodel. We contrastedthe resultsof
beliefnetwork modelwith thoseof sumsof productsmodeland
classificationand regressiontree (CART) model. We trained
andtestedall threemodelson thesamedata.Our BN modelof
vowelsperformsbetterthantheSoPmodel: thebelief network
achieves a RMS error of 3 millisecondscomparedwith 7 ms
from SoP. TheCART modelalsoproducesanerrorof 3 ms,and
henceour new model isn’t any worsein termsof final perfor-
mance.TheBN modelfor consonantsalsoproducespromissing
RMSerrorvalues;theBN givesavalueof 2 millisecondsversus
4 msfor SoPand1 msfor theCART. TheconsonantBN archi-
tectureis notoptimalin termsof correlationvalues;asearchfor
bettermodelwill bedonein thefuture. However, we think our
modelhasmany otheradvantagescomparedto SoP, for instance
it is mucheasierto configureandexperimentwith new features.
This shouldmake it easierto adaptto new languages.

1. Introduction
This work is a continuationof our previous efforts to model
segmentdurationusingBayesianbelief network approach[1].
Segmentdurationis influencedby anumberof linguisticfactors
suchassegmentidentity, stresslevel of a syllablewith a target
segment,accentof a word the syllableis a part of, identity of
precedingandfollowing segments,positionof a targetsegment
within a syllable,word,andutterance.In machinelearningap-
proachto segmentmodelling, databasesare usedto calculate
theparametersof a durationalmodel.

In general,databasesthat areusedto model segmentdu-
ration suffer from dataimbalanceproblem. On the onehand,
only a small anduneven fractionof linguistically allowed fac-
tor combinationsis presentin a trainingdatabase;differentfac-
tor combinationsoccurwith unequalfrequencies.Furthermore,
factorsaffecting segmentalduration interact; a set of two or
morefactorsmay amplify or attenuatethe affect of otherfac-
tors.

Previousresearcherstried to overcometheabove problems
by applyingdifferenttechniquesrangingfrom rule-based[2], to
statistical(classificationandregressiontrees[3]), to supervised
data-drivenapproaches(theSums-of-Products,or SoPduration
model[4]-[5]).

TheCART durationalmodelwastheonesuccessfullyim-
plementedin many researchtext-to-speechsystems[6]. Such
a popularity was due to the easeof building a model and its
satisfactorypredictionpower. Still theCART modelunderper-
formedwhenthepercentof missingdatawastoo high. It also
respondedbadlyto noisein thedata.

Anotherapproach,namelysums-of-producstmodel[5], re-
ceivedalot of attentionover thepastdecade.It is anexampleof
agenerallinearmodelwherebysegmentdurationis represented
asa sumof factors’producttermsthateffect segmentduration.
In theSoPmodelby [4] segmentdurationwasmodeledasalog-
transformationof linguistic factors.In theSoPmodeltheprob-
lems of data imbalanceand factor interactionare thoroughly
addressed.However, this is doneat theexpenseof substantial
datapreprocessing.In addition,thenumberof differentsums-
of-productsmodelsgrowshyper-exponentiallywith thenumber
of factors.Therefore,oneshouldapplysomeheuristicssearch
techniquesto find a modelthatfits datathebest.

Therefore,we put forwarda Bayesianbelief network (BN)
approachas an alternative to conventionaldeterministictech-
niquesof datamodelling.

Thestructureof thepaperis thefollowing. We give a the-
oretical motivation behinda BN approachin section2. We
explain the detailsof applying BN analysisto segmentdura-
tion modelling in section3. We proceedwith describingthe
databasesusedfor the presentresearchin section4. We de-
scribetheexperimentsanddiscusstheresultsin section5. We
concludewith discussingfuturework in section6.

2. Bayesian belief networks theory
We applyBayesianbelief network approachto modellingseg-
mentdurationasangeneralstatisticalframework for datapre-
diction in which we could take principledapproachesto tack-
ling dataimbalanceand factor interactionproblems. We be-
lieve a BN approachis well suitedfor durationmodellingbe-
causethebasictopologyof themodelis flexible, which allows
amodeldesignerto useaproblemdomainknowledgeto control
which factorscanbeconsideredindependent.Theconsequence
of this is that factorinteractionscanbe capturedby indicating
thecausalrelationshipsof thefactorsin theconnectivity of the
nodesin a directedacyclic (DAG) graph. This in turn allows
a significantreductionin the numberof parametersto be esti-
mated.

Formally a Bayesian network is defined by a triple���������	��
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representinga problemdomaininformation;
�

is
a setof edgesthat describesconditionaldependency relations
amongdomainvariables;

�
is a spaceof possibleinstantiations

of domainvariablesand
�

is a joint probabilitydistribution for
all of thenodesof thegraph

�
.

Themostimportantpropertyof a Bayesiannetwork, called
Markov property, statesthateachvariablein a network is inde-
pendentof its non-descendantsgivenits parents.Thisallows to
factorisethejoint probabilitydistribution

�
into asetof univari-

ateconditionaldistributionsover variablesof a network. Given
asetof problemdomainvariables
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where . is a sizeof a BN, )+* ��,-
 is a setof parentsof a node� % .

3. Durational Bayesian Belief network
model

In our work, we model duration of a segment as a hybrid
Bayesiannetwork consistingof discreteandcontinuousnodes;
eachnode in the network representsa linguistic factor that
affects segmentalduration. Interactionsbetweenfactorsare
representedasconditionaldependency relationsin a graphical
model. Duration estimationis accomplishedvia learningthe
parametersof theBayesiannetwork in a ”from causeto effect”
fashion;given a setof causalfactorsthataffect segmentdura-
tion, wefind themostprobablevalueof duration.

For the convenienceof probabilisticanalysis,thenodeset�
of a hybrid BN is partitionedinto a setof discretevariables/
andasetof continuousvariables0 . In caseof durationalBN,

theset 0 consistsof just onescalarnode 1 thatcorrespondsto
the durationvaluesof a segment. The set

/
variesaccording

to whetherthesegmentis a vowel or a consonant;it alsovaries
dependingonwhat”causal”factorsareselectedfor analyis.

3.1. BN model of vowels

In case of the vowel duration model, the set of dis-
crete nodes

/
consists of discrete variables correspond-

ing to contextual factors that affect vowel duration,
/ �

��23�	4 )+576!8 ��9:�<; 8=8 �	> )+?�@ ��> )+5A6�8 ��4 )B?A@ 
 . The vowel BN of
size8 is shown in Figure1.

2
is a vowel identitynode;it takes

on20valuesaccordingto thenumberof thevowel phonescho-
senfor analysis.

4 )+576!8 is awithin wordpositionnode;it takes
onvaluescorrespondingto initial, medial,andfinalpositionof a
syllablewith atargetvowel in aword.

9
is astressnode,taking

on stressedandunstressedvalues.
; 8=8 nodedescribesphrasal

positionof a word with a targetvowel, takingon valuesinitial,
medial,andfinal.

> )+?�@ describesthe classof precedingseg-
ment.We limited possiblevaluesfor

> )+?A@ to two, voicedstop
andother.

> )+5A6!8 variablecorrespondsto the classof the fol-
lowing segment. Whenthe following segmentis a consonant,
thevaluesfor

> )+5A6!8 nodearebasedon voicing andmannerof
productionfeaturesfor consonant;it takeson valuesvoiceless
stops,voicelessaffricate, liquids, voicelessfricatives, nasals,
voicedstops,voicedaffricate, andvoiced fricatives. In addi-
tion,

> )+5A6�8 nodecantake on valuesvowel andsilence.
4 )+?�@

nodecorrespondsto thenumberof syllablesthatprecedea tar-
getvowel; zero,one,andmorethanone.Accordingto Markov
property, the joint probability distribution

�
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.
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The joint distribution
�

for a hybrid BN canbeexpressed
asa conditional(CG) Gaussian(see[7] for details).In particu-
lar, we areinterestedin estimatingtheparametersof thecondi-
tionalprobabilityof acontinuousdurationnode1 givenits par-
ents
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 . For every
instantiationof discretenodesXZY /

thedistribution over the
durationnode 1 is given:
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where 1 � X 
 is a valueof a vowel duration,
[]�Qa 


is a Gaussian
pdf of thedurationnode1 .

We estimateddurationvaluesin thefollowing fashion.We
initialisedparametersof theGaussianpdf

[]�Qa 

to prior values

calculatedasmarginal meansfor every instantiationof theval-
uesof

/
in the trainingset. We appliedEM algorithmto esti-

matetheparametersof a BN basedon thetrain set.Finally, we
calculatedthepredictedvaluesof durationfor thetestset.

3.2. BN model of consonants

For the consonantmodel, the variablesset
�

consistsof a
continuousnode 1 correspondingto conosnantdurationval-
ues,anda setof discrete”causal” nodes

/
correspondingto

the contextual factors that affect consonantduration,
/ �

��>��	4 )+5A6!8 �Q9P� . 9Pbdc 6 �<2fe ?g5�hi8 
 . Ourchoiceof discretenodes
was basedon the work doneby [8] on the factor interaction
affecting consonantduration. It shouldbe stressedagain,this
choiceof factorsis not necesserallytheoptimalsolutionin our
Bayesiananalysis.TheBN selectedfor theanalysisis shown in
Figure2. A node

>
correspondsto a consonantidentity factor;

it takeson 24 values.
4 )B576!8 nodecorrespondsto a consonant

positionwithin a word, takingon initial, medial,andfinal val-
ues.

9
noderepresentsastressvalue(stressedor unstressed)for

a syllabicvowel. . 9Pbdc 6 is a nodedescribinga numberof syl-
lablesin a word with a targetconsonant.It cantake on values
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Figure2: Consonant duration Bayesian network of size 6; boxes
represent discrete nodes, oval represents a continuous node.

correspondingto awordwith one,two, three,four or morethan
four syllables.

2�e ?�5ghi8 is avariabledescribingthefrontedness
of a syllabicvowel, takingon front, middle,andbackvalues.

The joint distribution for the consonantBN factoriseslike
so:
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We areinterestedin estimatingtheparametersof the con-
ditionalprobabilityof thecontinuousdurationnode1 givenits
parents

��� 1 ( >w��4 )+5A6�8 ��9:� . 9:bdc 6 �	2�e ?�5ghi8 
 which is given
by Equation3. Theparamterestimationfor theconsonantBN
wasdonesimilarly to theparamterestimationfor thevowel BN.

4. Databases
For our researchwe useda databaseof a RP malespeaker of
English(rjs). We usedonly a subsetof rjs databasethat con-
tained1268utterances(over 115,000segments).Thedatabase
wasdivided into a train (90%)andtestsets(10%). Thevowel
setwasdivided into 41,066train segmentsand4,447testseg-
ments. The consonantset comprised64,618train and 7,110
testsegments.Eachsegmentin thedatabaseswasmarkedwith
segmentandsyllable-level phoneticinformation.Thedatabases
alsocontainedword boundariesandlexical stressinformation.

5. Experimental results
One of the advantagesof a BN approachis its felxibility in
selectingproblemdomainvariablesanddefiningindependence
relationsamongthese.Therefore,we canexperimentwith the
networksof differentsizesandvaryingconnectivity.

5.1. Vowels

For thevowel analysis,we usedthenetwork of size8 with dis-
cretenodeset

/ ����2R�	4 )+5A6!8 �Q9P�<; 8-8 �	> )B?A@ �	> )+5A6!8 ��4 )+?�@ 
 .
In Figure3 theRMS error valuesof thepredictedvowel dura-
tionsfor rjs databasefor theBN of size8 areshown. As canbe
seenfrom thefigure,theBN modelperformsbetterthantheSoP
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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.

modelacrossdifferentvowel classes,with the medianRMSE
valuesbeing3 msand7 mscorespondingly. In thatrespectthe
BN modelcomparesin performancewith theCART modelthat
producesthe samemedianRMSE valueof 3 ms. In Figure4
the correlationcoefficient valuesof the predictedvowel dura-
tions for rjs databaseareshown. As onecannotice from the
figuretheBN modelproducesslightly lowercorrelationvalues,
with the mediancorrelationcoefficient valuesacrossdifferent
vowel classesbeing 0.56, 0.61, and 0.94 for the BN, CART,
andSoPmodelsrespectively. However, whencalculatedacross
the whole test set the correlationvaluesare 0.84 for the BN
model,and0.82and0.72for theCART andSoPmodelrespec-
tively. WecanspeculatethattheBN modelis toosensitiveto the
amountof dataavailablefor prediction,makinggoodestimates
for largertestsets.

We also investigatedthe problemof the network size on
theaccuracy of theBN parameterestimation.Weexperimented
with thenetworksof sizes5 and6, with thediscretenodessets
beingsubsetsof thediscretenodesetof thenetwork of size8.

Theproblemof hybrid BN structurelearningis
[yx

-hard,
therefore,wecannotclaimthatourheuristicselectionapproach
exhaustively selectsall optimal subsetsof ”causal”nodes.We
basedour choiceof factorsselectionuponthe resultsreported
by otherresearches(seefor example,[5]). Table1 shows the

# Subset Nodes BN SpaceSize
1 D V WpostSUtt 5 360
2 D V WpostSUtt Cpost 6 3600
3 D V WpostSUtt CpreCpostWpre 8 21600

Table1: Vowel BNsof differentsizesselectedfor 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 size6 we
selectedthe discreteset

/ �z��2R�	4 )+5A6!8 ��9:�<; 8-8 �	> )+?�@ 
 . For
the BN of size5 the discretesetconsistedof the nodes

/ �
��23�	4 )+576!8 ��9:�<; 8=8 
 .

The correlationvaluesfor the networks of different sizes
for thevowel

,�,
areshown in Figure5. As onecanseefrom the

figure,thecorrelationchangesonly slightly, from 0.73to 0.70,
whenthe nodesetdoesnot containprevious context informa-
tion at thesegmentandword level (nodes

> )+?A@ and
4 )B?A@ ). If

thefollowing context informationat thesegmentlevel is disre-
garded(node

> )B576!8 ), thepredictionpower of thenetwork de-
gradessubstantially. Sucha behaviour of theBN mayindicate
theimportanceof thefollowing context informationfor theBN
parameterestimation.

5.2. Consonants

For our consonant duration analysis we selected just
one network of size 6, with the node set

� �
� 1 �	>��	4 )B576!8 ��9P� . 9:b{c 6 ��2�e ?g5�hi8 
 .

In Figure6 correlationcoefficient valuesof the predicted
consonantdurationsfor rjs databaseareshown. As canbeseen
from thefigure,theBN modelslightly underperformsin terms
of thecorrelationvaluescomparedto theCART andSoPmod-
els,with themediancorrelationcoefficient valuesacrossdiffer-
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Figure7: RMSE values of predicted consonant durations for rjs
database.

entvowel classesbeing0.38,0.59,and0.95for theBN, CART,
andSoPmodelsrespectively. However, thecalculationscarried
out for the whole test set producethe values0.6 for the BN
model,and0.72for theCART, and0.51for theSoPmodels.

In Figure7 thevaluesof RMS errorvaluesof thepredicted
consonantdurationsfor rjs databaseareshown. As onecansee
from thefigure,theBN modelof size6 givesthemedianRMS
errorvalueof 2 ms,performingbetterthantheSoPmodel(the
RMSerrorvalueof 4 ms)andworsethantheCART model(the
RMSerrorvalueof 1 ms).

From the above results,it follows that the consonantBN
model performsno worsethan the SoPmodel. We may also
concludethat the network selectedfor our consonantanalysis
is notanoptimalsolutionfor theconsonantdurationprediction.
In the future, we plan to experimentwith networks of bigger
sizesthatwould take into accountpreviousandfollowing con-
text information.

6. Conclusions and future work
Our Bayesian analysis of vowel duration produces some
promissingresultsin termsof RMSE values. The resultsare
betteror comparableto thoseproducedby theSoPandCART
models.Acrossthevowel classes,theBN modelgivestheme-
dianRMSEvalueof 3 ms;thecorrespondingvaluesare7 msfor
theSoPand3 msfor theCART models.However, it shouldbe
pointedout that theBN modelis quitesensitive to theamount
of datausedfor prediction,producinglower correlationvalues
for smallersets.

Basedon the the consonantanalysisresults,we may con-
cludethatthenetwork selectedfor ourconsonantanalysisis not
anoptimalsolutionfor theconsonantdurationprediction.In the
future,weplanto experimentwith networksof biggersizesthat
would take into accountprevious andfollowing context infor-
mation.In addition,weplanto explorethepossibilitiesof learn-
ing network structurefrom data.This would aid tremendously
in selectingoptimalnetwork configurationsandmaximizingthe
predictingpower of theBayesiananalysis.
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