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Abstract

In this work we presenta methoalogy for modelling intona-

tion from corpusthat operatesith alternatve typesof intona-

tion units. We comparepredictionresultsobtainedusinga set

of differentones.Resultspermitto selectmostsuitableonede-

pendingon the corpusandto obtaininformationabouttherela-

tive importanceof differentprosodicfeaturesn characterizing
theintonationof the corpusin every case.

1. Introduction

The goal of modellingintonationtechniquess to find the cor
respon@nce betweenfunction of intonation (representedy
prosodicfeaturesdepenling on the messageand on the con-
text) andits form (FO contous) (see[1] for an excellentre-
view). Data-drventechniquesbuild this correspodencefrom
corpuswith automaticmethod like neuralnetworks, decision
trees. . In this context, one of the mostimportantdecisionto
take is theselectionof thetypeof intonationunitsthatwill con-
figurethemodellingtechnique.

In the stateof the art, we find thatthereis nota consenss
aboutthe type andbourdariesof the intonationunit to use: we
find accentuaphras€?2], accengroups 3], ToBlI transcriptions
[4], syllables[5], intonationeventsin [6]. ... In thiscommuni-
cation,we defenda procedireto illustrateobjectively therela-
tive goochessof the selectionof atype of unitin out of asetof
alternatvesin data-drven modellingintonation.

This work is a continuation of our previous actvities
in modelling intonation. We have defineda framework for
modelling intonation from corpuswith applicationsin Text-
To- Speech(TTS) systems(from now, we will referto it as
MEMOInt- MEthodolog/ for MOdelling Intonation-). In [7]
we presentedhe basicmethoddogy and the parameterisation
technique basedon fitting Bézierfunctionsof the FO contous
of the stresggroups.In [8] we usedMEMOInt to comparedif-
ferent alternatvesin the characterizatiorof the stressgroup.
In [9] we applieddatamining techniqus to measurehe rela-
tive importanceof a setof prosodicfeatureso characterizehe
stressgroup. In this work, we testalternatve typesof intona-
tion unitsto usein MEMOInt andcomparethemwith thestress
group.

Theaimis to shov thatMEMOInt permitsto modelintona-
tion usingalternatve intonationunits bringing usefulprosodc
informationabouttherelative relevanceof theprosodicfeatures
andaboutthe shapeof the typical pitch patterns We shav that
MEMOInt permitsto selectthe bestintonationunit (amonga
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Figurel: Functionaldiagramof MEMOInt.

setof them)to be usedin data-driven intonationmodelling.
Although resultsonly refersto Spanish MEMOInt canpoten-
tially be appliedto otherlanguag if thecorpusis available.

Firstwe briefly review MEMOInt. Then,we reportthe dif-
ferenttypesof intonation units and its prosodc featuresthat
have beenanalysechere. Experimentajprocedue is described
andresultsarediscussedWe endwith the conclusiors andfu-
turework.

2. MEMOiInt

Figure 1 representghe three stagesdefining MEMOInt: one
for modelling,anothemnefor testingandthelastonefor using
resultsin TTS systems.The outputof the modellingstageis a
dictionaryof models representingheintonationof the corpus.
Therepresentatenesof this dictionaryis testedin the second
stage Finally, the modelsof the dictionaryareusedto generate
syntheticpitch contoursin TTS applications.

Initial tasksdeterminethe resultsof MEMOInt: locating
intonationunits, its labelling andits parameterisatior.ocating
intonationunits requiresto establisha priori the type of into-
nation unit to be used(syllable, stressgroup...). Then,the
utterancef the corpusare divided into its sequencef such
intonationunits. The labelling taskresultsin assigningvalues
to a setof prosodicfeatureqaccentpositionetc...) character
izing the intonationunits. The parameterisatiotaskcomptues
asetquantitatve parametersepresentinghe shapeof the pitch
contourof theintonationunits.

Modelling consistof groupingtogetheiinto thesameclass
theintonationunitsthatshareits prosodicfeaturesvalues.The
modelof eachof the classess the statisticaldistribution of the
acoustidntonationparametersf theintonationunitsbelonging
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Table 1: Cardinality of the prosodicfeatures. SE is sentence,
SGis StresgGroup,|G is IntonationGroup, Syl is Syllableand
Phonis phoreme.posXY is positionof X in Y. nXY is numker
of X in Y. typeSEtype of sentenceposSTIniSGposSTFinSG
is positionof the stressedyllablein theinitial andfinal stress
group; relPosSyl: position of the syllable with respectto the
stressedyllable.typeSEis type of sentence.

to the classobsenedin the modellingcorpus. The generaliza-
tion capabilitiesof themodelsincreasesfteraniterative group-
ing classeprocesss appliedaswill be explainedin section4.

The dictionary of models(dictionary of classesndeed)is
usedto generatesyntheticpitch contoursboth in the testing
stageandin TTS systemsTheclassidentifierof ary intonation
unit is obtainedfrom its prosodicfeatures.The correspading
syntheticpitch contourcomesfrom the statisticalmodelof the
class.

MEMOiInt feedbacksprosodc information for improving
initial tasks(backwards linesin figure 1). Models of the dic-
tionaryandthereportsfrom thetestingstageareinformationto
compardifferentoptionsin thelabellingandsegmentingstage.
Thisinformationwill beusedhereto comparethe behaviour of
MEMOInt with alternatve typesof intonationunits.

3. Prosodic Features and Intonation Units

Stressgroup wasthe basicintonationunitsin all our previous
works[7, 8,9]. Selectedrosodicfeaturescamefrom expertsin
Spanishintonationworks (see[8] for reviewing suchauthors).
Herewe proposeto extendthe studyto two additionalintona-
tion units: the syllableandtheintonationgroup.

We usethe typical definitions of the intonation units for
Spanish:Syllablesareobtainedby applyingthe classicawords
into syllablesdivision rules(see[10]); a stressgroupis a setof
words,whereonly thelastoneis accentegdanintonationgroup
is a setof stresgyroupsseparatedy a pauseor by a significant
inflexion in the FO contours.

Tablel shavs the threedifferenttypesof intonationunits,
its the prosodicfeaturesandits numbe of values.Notethe hi-
erarchicalrelationbetweerthe typesof intonationunits andits
projectioninto the features.We have only selectedhreetypes
of prosodicfeatures: linguistic onestypeSE, posSTSG syl-
RelPos,posSTIniSG posSTFinSG)position ones(posIGSE,
posSGIGrelPosSylandlengthones(nSGSENSGSENSYISE,
nPhonSENSGIG, nSyllG, nPhonSG hPhonSyl). Other fea-
tureslikethoseconsideringhephondic structurg3] or thesyn-
tactic structure[2] areleft here. They have beennotincluded
in this studybecauséehey arenot yet available,but they will be
processedh the sameway in futureworks.

The valuesof the prosodc features(seetable 1) are setto
distribute uniformly the numbe of samplesin the corpusper
value. Numberof valuesof the featuresis the samein every
intonationunit.

Our aim hereis not to shav that the prosodicfeaturesor
thatthetype of intonationunitsselectedarethe bestto beused.
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Figure2: (A) PredictionError in the iterative grouping. Type
of IntonationUnit = StressGroup. All the available prosodc
featuresareused.(B) Numberof sampleger classat the min-
imum Numberof Classes=300 (C) FO patternsin two of the
classesvhenNumberof Classes=300

Ouraimis to shav thatMEMOInt is ausefulintonationanalysis
tool to comparealternatves.

4. Experimental Procedure

Indepemlentlyof thetype of intonationunit selectedeachcom-
binationof prosodicfeaturesdetermine®neclassin theinitial
dictionary of models. If therearefew stressgroupsof certain
class,its modelwill not be characteristi@andits usein predic-
tion canbe problematic.To avoid this situation,we propcseto
iteratively grouptogetherpairsof classes.Joiningtwo classes
impliescreatinga new classwhich includessamplesof both of
them. A maximumsimilarity criterionis appliedin eachstep.
Thus,groupingtwo classesmpliesaprecisionlossbut bringsa
generalizatiorgain. The Euclideandistancebetweencentroids
of theclassess the criterionto selecttheclasseso memge.

Groupingtwo classesmplies to build a new dictionary
This Dictionary can be usedto prodiwce syntheticpitch con-
tours. If the predictionerror obtainedwith the new dictionary
is smallerthanthe previous one,thenthe new classificationis
better By repeatingthe processwe canmeasurehe compro-
mise betweenprecisionand generalizatiorobtaining an opti-
mum configurationfor the dictionary The grougng process
canbestoppedvhenthelossof precisionforcesunwartedpre-
dictionresults.

Figure2 shavsthisiterative processandits results.Theini-
tial clusteringis determinedby the prosodc featureg(in figure
2.A numbe of Classes=300). Fromright to left the numberof
classeglecreasessclassesre merged. The minimum of the
RMSE plot (numberof Classes=30) indicatesthe bestdictio-
nary The dictionary of modelsrepresentshe correspodence
betweenprosodicfeaturesand patternof FO (in figure 2.B we
shav the numberof samplesper classin the dictionaryandin
figure 2.C we show the patternsof two of the classes).

Someof theclasse®f thedictionaryof modelscanbevoid.
Oneclassis void if thereareno units of suchclassin the mod-
elling corpus.But, anintonationunit of any of suchvoid classes
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Figure 3: Information Gain of every prosodc featureusinga
Kmeansclusteringof the samplesf the corpus(see[9] for the
InformationGain metric)

canappeawhenusingthedictionaryto generatesyntheticpitch
contours. We have obsenred that, a stratgy basedon several
differentdictionariescanbe very usefulin this situations:most
informative dictionary is always usedas the first alternatve;
whena stressgroup belongng to a void classappears, we re-
call the dictionary with the highernumberof prosodicfeature
which classifiesthe stressgroupinto a non void class. Thus,
we ensurehatthe syntheticpitch contour is associateavith the
right obsenationsin the corpus atleastpartially.

Three different collectionsof dictionariesof modelswill
be built using the threetypesof intonation units that we are
analysing. For every type of intonationunit, eachof the dic-
tionariesof the collectionwill usetheN mostrelevantprosodc
feature.All of thedictionariesarebuilt following the grouping
criterionexplainedin theprevioussection.In thefollowing sec-
tion we will shaw thatthis stratey givesinformationaboutthe
relative importanceof the prosodicfeatures.Resultsin section
5 will shav which of the typesof intonation units permitsto
obtainmoreaccuratepitch contous.

For building the collectionsof dictionariesarankingof the
relevanceof the prosodc featuresis built. Following the pro-
cedureexplainedin [9] suchrankingis built for every type of
intonationunit consideed (figure 3). The numberof clusters
usedare800for syllables,250for stresgyroupsand100for in-
tonationgroups. Thesefiguresbalancethe numberof samples
perclassin thethreecases.

The corpws usedis the samecorpuswe have alreadyused
in previous works'. It contains14971 syllables, 4665 stress
groupsand 1747 intonationgroups. The numberof interrog-
ative and declaratve sentenesis scarce(only the 5%) sothat
only declaratve sentencesire used. All the prosodicfeatures
arecomputedautomatically Theacotstic parameterso beused
arethecontrolpointsof theBéziercurvesfitting the FOcontous
in the intonationunits (more detailsin [7]). Predictionerrors
andstatisticalmodelsare obtainedwith raw FO contaurs (note
thatbetterresultscanbeobtainedapplyinga smoothingmethod
aswe did in previousworks).

5. Results and Discussion

Plotsin figure 5 arethe resultof applying the iterative group-
ing methoddescribedn section4 usingthe differenttypesof
intonationunitstakeninto account.Minimum valuesrepresent
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Figure4: Information Gain of every prosodicfeaturewith re-
spectto thebestclusteringobtainingwith theiterative grouping
classesnethod.

theoptimumnumberof classegor thedifferentsetsof features.
Figure4 shavs therelative importanceof the prosodc features
with respecto theseoptimumclassifications.

From figure 5 we obsere that, as generalrule, the more
prosodicfeaturesinvolved the betterthe prediction. This rule
is broken in the caseof syllableswhenmore than12 features
areused(after+ nSyl | G. This is dueto scarcityproblems
becauselot areobtainedusingasingledictionaryandadefault
valuerepresentsoid classes.

Bestresultsare obtainedwith the syllable. Nevertheless,
theadwantag with respecto thestresgyroupis notsoimportant
especiallycompaing the numberof classes.

Comparingfigures3 and4 it canbe obsenedthattherel-
ative rankingsarevery similar. This resultindicatesthatauto-
maticKmeansclusteringis a goodreferenceo obtaininforma-
tion abouttherelative importanceof the prosodc features.

With respecto the resultsof the rankings, asgeneal rule,
the most relevant featuresare thosethat refer to the type of
intonation unit that is beenstudied: In the caseof Intona-
tion GroupsposIGSE,nSGIG, nSyllG, nPhonIG;In the case
of StressGroupsposSGIGnSylSG,nPhonSGposSTSGand
for the syllablerelPosSylandnPhonSyl.As remarkablesxcep-
tionswe have typeSE posIGSEhatareimportantin every type
of intonationunit; nNIGSEimportantto characterizeéntonation
unitsandposSGIGfor syllables.Overall,themostrelevantfea-
turesaretypeSE posIGSE posSGIGNSGIG,nSylSGandrel-
PosSyl thatis, relative positionof the units with respecto the
superioronesandits length. typeSEis alsovery relevant, but
we have beennot ableto testthis resultsdueto the scarcityof
thecorpus Theseresultsareonly valid for our corpusbut they
are coincidentwith the resultsin the bibliograghy of Spanish
intonation.

In the plots of thefigure 5 it canbe obseredthatimprove-
mentsdepend on the feature leaving the set. For example,
atIntonation Unit = Stress G oup the difference
betweenthe+ nSA G + nSyl | G + nPhonl Gplotsis
small. Thisis dueto thefactthatthisthreefeaturegefersto the
sameaspect:the length of the IntonationGroup. Information
enteredby ary of them, may have beenalreadytaken into ac-
countby the othersandthe resultsdon't change This leadsus
to think thatvery similarresultscouldhave beenpotentiallyob-
tainedusinglessprosodicfeatureseducingscarcityproblems.
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Figure5: PredictionError of the samplesn thetestcorpuswith respecto the numbe of classesn theiterative groupingprocess.

6. Conclusions and Future Work

MEMOInt permitsto characterizeéheintonationof a givencor-
pususingdifferenttype of intonationunits. The methodlogy
permitsto obtain quartitative information aboutthe relevance
of thedifferentprosodicfeaturegakeninto account.

MEMOInt propcsesalsothe optimumsetof classe®f pitch
patterns.In future work, we will studythe correspmdenceof
thesepatternswith the prosodc featuresto evaluatethe coher
enceof theresults.

As future possibilities, MEMOInt permitsto valuetherel-
evane of ary otherprosodc featurethat could be requiredto
evaluateor ary othertype of intonationunit to test. This will
resultin a platformfor evaluatinghypothesisaboutthe impor-
tanceof differentaspect®f intonation.
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