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Abstract
In this work we presenta methodology for modelling intona-
tion from corpusthatoperateswith alternative typesof intona-
tion units. We comparepredictionresultsobtainedusinga set
of differentones.Resultspermitto selectmostsuitableonede-
pendingon thecorpusandto obtaininformationabouttherela-
tive importanceof differentprosodicfeaturesin characterizing
theintonationof thecorpusin every case.

1. Introduction
Thegoal of modellingintonationtechniquesis to find the cor-
respondencebetweenfunction of intonation (representedby
prosodicfeaturesdepending on the messageand on the con-
text) and its form (F0 contours) (see[1] for an excellent re-
view). Data-driven techniquesbuild this correspondencefrom
corpuswith automaticmethods like neuralnetworks, decision
trees.. . In this context, one of the most importantdecisionto
take is theselectionof thetypeof intonationunitsthatwill con-
figurethemodellingtechnique.

In thestateof theart, we find that thereis not a consensus
aboutthetypeandboundariesof theintonationunit to use:we
find accentualphrase[2], accentgroups[3], ToBI transcriptions
[4], syllables[5], intonationeventsin [6]. . . . In this communi-
cation,we defenda procedureto illustrateobjectively therela-
tive goodnessof theselectionof a typeof unit in out of a setof
alternativesin data-drivenmodellingintonation.

This work is a continuation of our previous activities
in modelling intonation. We have defineda framework for
modelling intonation from corpuswith applicationsin Text-
To- Speech(TTS) systems(from now, we will refer to it as
MEMOInt- MEthodology for MOdelling Intonation-). In [7]
we presentedthe basicmethodology and the parameterisation
technique, basedon fitting Bézierfunctionsof theF0 contours
of thestressgroups.In [8] we usedMEMOInt to comparedif-
ferent alternatives in the characterizationof the stressgroup.
In [9] we applieddatamining techniques to measurethe rela-
tive importanceof a setof prosodicfeaturesto characterizethe
stressgroup. In this work, we testalternative typesof intona-
tion unitsto usein MEMOInt andcomparethemwith thestress
group.

Theaimis to show thatMEMOInt permitsto modelintona-
tion usingalternative intonationunits bringingusefulprosodic
informationabouttherelativerelevanceof theprosodicfeatures
andabouttheshapeof thetypical pitch patterns.We show that
MEMOInt permitsto selectthe bestintonationunit (amonga
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Figure1: Functionaldiagramof MEMOInt.

set of them) to be usedin data-driven intonationmodelling.
Although resultsonly refersto Spanish,MEMOInt canpoten-
tially beappliedto otherlanguage if thecorpusis available.

Firstwe briefly review MEMOInt. Then,we reportthedif-
ferent typesof intonationunits and its prosodic featuresthat
have beenanalysedhere.Experimentalprocedure is described
andresultsarediscussed.We endwith theconclusions andfu-
turework.

2. MEMOInt
Figure 1 representsthe threestagesdefining MEMOInt: one
for modelling,anotheronefor testingandthelastonefor using
resultsin TTS systems.Theoutputof themodellingstageis a
dictionaryof models,representingtheintonationof thecorpus.
Therepresentativenessof this dictionaryis testedin thesecond
stage.Finally, themodelsof thedictionaryareusedto generate
syntheticpitch contoursin TTSapplications.

Initial tasksdeterminethe resultsof MEMOInt: locating
intonationunits,its labellingandits parameterisation.Locating
intonationunits requiresto establisha priori the type of into-
nation unit to be used(syllable, stressgroup . . . ). Then, the
utterancesof the corpusaredivided into its sequenceof such
intonationunits. The labelling taskresultsin assigningvalues
to a setof prosodicfeatures(accent,positionetc.. . ) character-
izing the intonationunits. Theparameterisationtaskcomputes
asetquantitative parametersrepresentingtheshapeof thepitch
contourof theintonationunits.

Modellingconsistsof groupingtogetherinto thesameclass
the intonationunits thatshareits prosodicfeaturesvalues.The
modelof eachof theclassesis thestatisticaldistribution of the
acousticintonationparametersof theintonationunitsbelonging
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Sy� llable 3 4 4 4 4 5 5 4 4 3 3 6 5 4 3 6 4
St

�
ress Group 3 4 4 4 4 5 5 4 4 3 3 6 5 4 3

Intonation Group 3 4 4 4 4 5 5 4 4 3 3

Table1: Cardinalityof the prosodicfeatures.SE is sentence,
SGis StressGroup,IG is IntonationGroup,Syl is Syllableand
Phonis phoneme.posXY is positionof X in Y. nXY is number
of X in Y. typeSE:typeof sentence;posSTIniSG,posSTFinSG
is positionof the stressedsyllablein the initial andfinal stress
group; relPosSyl: position of the syllable with respectto the
stressedsyllable.typeSEis typeof sentence.

to theclassobserved in themodellingcorpus.Thegeneraliza-
tion capabilitiesof themodelsincreasesafteraniterativegroup-
ing classesprocessis appliedaswill beexplainedin section4.

The dictionaryof models(dictionaryof classesindeed)is
usedto generatesyntheticpitch contoursboth in the testing
stageandin TTSsystems.Theclassidentifierof any intonation
unit is obtainedfrom its prosodicfeatures.The corresponding
syntheticpitch contourcomesfrom thestatisticalmodelof the
class.

MEMOInt feedbacksprosodic information for improving
initial tasks(backwards lines in figure 1). Models of the dic-
tionaryandthereportsfrom thetestingstageareinformationto
comparedifferentoptionsin thelabellingandsegmentingstage.
This informationwill beusedhereto comparethebehaviour of
MEMOInt with alternative typesof intonationunits.

3. Prosodic Features and Intonation Units
Stressgroupwasthe basicintonationunits in all our previous
works[7, 8,9]. Selectedprosodicfeaturescamefrom expertsin
Spanishintonationworks (see[8] for reviewing suchauthors).
Herewe proposeto extendthe studyto two additionalintona-
tion units: thesyllableandtheintonationgroup.

We use the typical definitionsof the intonationunits for
Spanish:Syllablesareobtainedby applyingtheclassicalwords
into syllablesdivision rules(see[10]); a stressgroupis a setof
words,whereonly thelastoneis accented; anintonationgroup
is a setof stressgroupsseparatedby a pauseor by a significant
inflexion in theF0 contours.

Table1 shows the threedifferenttypesof intonationunits,
its theprosodicfeatures,andits number of values.Notethehi-
erarchicalrelationbetweenthetypesof intonationunitsandits
projectioninto the features.We have only selectedthreetypes
of prosodic features: linguistic ones typeSE,posSTSG,syl-
RelPos,posSTIniSG,posSTFinSG);position ones(posIGSE,
posSGIG,relPosSyl)andlengthones(nSGSE,nSGSE,nSylSE,
nPhonSE,nSGIG,nSylIG, nPhonSG,nPhonSyl). Other fea-
tureslikethoseconsideringthephonetic structure[3] or thesyn-
tactic structure[2] areleft here. They have beennot included
in this studybecausethey arenot yet available,but they will be
processedin thesameway in futureworks.

The valuesof the prosodic features(seetable1) aresetto
distribute uniformly the number of samplesin the corpusper
value. Numberof valuesof the featuresis the samein every
intonationunit.

Our aim hereis not to show that the prosodicfeaturesor
thatthetypeof intonationunitsselectedarethebestto beused.
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Figure2: (A) PredictionError in the iterative grouping. Type
of IntonationUnit = StressGroup. All the availableprosodic
featuresareused.(B) Numberof samplesperclassat themin-
imum Numberof Classes=300. (C) F0 patternsin two of the
classeswhenNumberof Classes=300

Ouraimis to show thatMEMOInt isausefulintonationanalysis
tool to comparealternatives.

4. Experimental Procedure
Independentlyof thetypeof intonationunit selected,eachcom-
binationof prosodicfeaturesdeterminesoneclassin theinitial
dictionaryof models. If therearefew stressgroupsof certain
class,its modelwill not becharacteristicandits usein predic-
tion canbeproblematic.To avoid this situation,we proposeto
iteratively grouptogetherpairsof classes.Joiningtwo classes
impliescreatinga new classwhich includessamplesof bothof
them. A maximumsimilarity criterion is appliedin eachstep.
Thus,groupingtwo classesimpliesaprecisionlossbut bringsa
generalizationgain. TheEuclideandistancebetweencentroids
of theclassesis thecriterionto selecttheclassesto merge.

Grouping two classesimplies to build a new dictionary.
This Dictionary can be usedto produce syntheticpitch con-
tours. If the predictionerror obtainedwith the new dictionary
is smallerthanthe previous one,thenthe new classificationis
better. By repeatingthe process,we canmeasurethe compro-
mise betweenprecisionand generalizationobtainingan opti-
mum configurationfor the dictionary. The grouping process
canbestoppedwhenthelossof precisionforcesunwantedpre-
diction results.

Figure2 showsthis iterativeprocessandits results.Theini-
tial clusteringis determinedby theprosodic features(in figure
2.A number of Classes=3500). Fromright to left thenumberof
classesdecreasesasclassesaremerged. The minimum of the
RMSEplot (numberof Classes=300) indicatesthebestdictio-
nary. The dictionaryof modelsrepresentsthe correspondence
betweenprosodicfeaturesandpatternof F0 (in figure 2.B we
show the numberof samplesper classin the dictionaryandin
figure2.Cweshow thepatternsof two of theclasses).

Someof theclassesof thedictionaryof modelscanbevoid.
Oneclassis void if thereareno unitsof suchclassin themod-
elling corpus.But,anintonationunit of any of suchvoid classes
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Figure3: InformationGain of every prosodic featureusinga
Kmeansclusteringof thesamplesof thecorpus(see[9] for the
InformationGain metric)

canappearwhenusingthedictionaryto generatesyntheticpitch
contours. We have observed that, a strategy basedon several
differentdictionariescanbevery usefulin this situations:most
informative dictionary is always usedas the first alternative;
whena stressgroupbelonging to a void classappears,we re-
call the dictionarywith the highernumberof prosodicfeature
which classifiesthe stressgroup into a non void class. Thus,
weensurethatthesyntheticpitchcontour is associatedwith the
right observations in thecorpus,at leastpartially.

Threedifferent collectionsof dictionariesof modelswill
be built using the threetypesof intonationunits that we are
analysing. For every type of intonationunit, eachof the dic-
tionariesof thecollectionwill usetheN mostrelevantprosodic
feature.All of thedictionariesarebuilt following thegrouping
criterionexplainedin theprevioussection.In thefollowing sec-
tion we will show thatthis strategy givesinformationaboutthe
relative importanceof theprosodicfeatures.Resultsin section
5 will show which of the typesof intonationunits permitsto
obtainmoreaccuratepitch contours.

For building thecollectionsof dictionariesa rankingof the
relevanceof the prosodic featuresis built. Following the pro-
cedureexplainedin [9] suchranking is built for every type of
intonationunit considered (figure 3). The numberof clusters
usedare800for syllables,250for stressgroupsand100for in-
tonationgroups. Thesefiguresbalancethe numberof samples
perclassin thethreecases.

The corpus usedis the samecorpuswe have alreadyused
in previous works1. It contains14971syllables,4665 stress
groupsand 1747 intonationgroups. The numberof interrog-
ative anddeclarative sentencesis scarce(only the 5� ) so that
only declarative sentencesareused. All the prosodicfeatures
arecomputedautomatically. Theacousticparametersto beused
arethecontrolpointsof theBéziercurvesfitting theF0contours
in the intonationunits (moredetailsin [7]). Predictionerrors
andstatisticalmodelsareobtainedwith raw F0 contours (note
thatbetterresultscanbeobtainedapplyingasmoothingmethod
aswe did in previousworks).

5. Results and Discussion
Plotsin figure 5 arethe resultof applying the iterative group-
ing methoddescribedin section4 using the different typesof
intonationunitstaken into account.Minimum valuesrepresent

1Gentlyprovided to usby TALP groupof UPCuniversity.
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Figure4: InformationGain of every prosodicfeaturewith re-
spectto thebestclusteringobtainingwith theiterativegrouping
classesmethod.

theoptimumnumberof classesfor thedifferentsetsof features.
Figure4 shows therelative importanceof theprosodic features
with respectto theseoptimumclassifications.

From figure 5 we observe that, as generalrule, the more
prosodicfeaturesinvolved the betterthe prediction. This rule
is broken in the caseof syllableswhenmore than12 features
areused(after+ nSylIG). This is due to scarcityproblems
becauseplot areobtainedusingasingledictionaryandadefault
valuerepresentsvoid classes.

Best resultsareobtainedwith the syllable. Nevertheless,
theadvantagewith respectto thestressgroupisnotsoimportant
especiallycomparing thenumberof classes.

Comparingfigures3 and4 it canbe observed that the rel-
ative rankingsarevery similar. This resultindicatesthatauto-
maticKmeansclusteringis a goodreferenceto obtaininforma-
tion abouttherelative importanceof theprosodic features.

With respectto the resultsof therankings, asgeneral rule,
the most relevant featuresare thosethat refer to the type of
intonation unit that is been studied: In the caseof Intona-
tion GroupsposIGSE,nSGIG,nSylIG, nPhonIG;In the case
of StressGroupsposSGIG,nSylSG,nPhonSG,posSTSG;and
for thesyllablerelPosSylandnPhonSyl.As remarkableexcep-
tionswehavetypeSE,posIGSEthatareimportantin every type
of intonationunit; nIGSEimportantto characterizeintonation
unitsandposSGIGfor syllables.Overall, themostrelevantfea-
turesaretypeSE,posIGSE,posSGIG,nSGIG,nSylSGandrel-
PosSyl,that is, relative positionof theunitswith respectto the
superioronesandits length. typeSEis alsovery relevant, but
we have beennot ableto testthis resultsdueto thescarcityof
thecorpus. Theseresultsareonly valid for our corpusbut they
arecoincidentwith the resultsin the bibliography of Spanish
intonation.

In theplotsof thefigure5 it canbeobservedthatimprove-
mentsdepend on the feature leaving the set. For example,
at Intonation Unit = Stress Group the difference
betweenthe+ nSGIG, + nSylIG, + nPhonIG plots is
small.This is dueto thefactthatthis threefeaturesrefersto the
sameaspect:the lengthof the IntonationGroup. Information
enteredby any of them,may have beenalreadytaken into ac-
countby theothersandtheresultsdon’t change. This leadsus
to think thatverysimilarresultscouldhavebeenpotentiallyob-
tainedusinglessprosodicfeaturesreducingscarcityproblems.
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Figure5: PredictionErrorof thesamplesin thetestcorpuswith respectto thenumber of classesin theiterative groupingprocess.

6. Conclusions and Future Work
MEMOInt permitsto characterizetheintonationof agivencor-
pususingdifferenttype of intonationunits. The methodology
permitsto obtainquantitative informationaboutthe relevance
of thedifferentprosodicfeaturestakeninto account.

MEMOInt proposesalsotheoptimumsetof classesof pitch
patterns.In future work, we will studythe correspondenceof
thesepatternswith theprosodic featuresto evaluatethecoher-
enceof theresults.

As futurepossibilities,MEMOInt permitsto valuetherel-
evance of any otherprosodic featurethat could be requiredto
evaluateor any other type of intonationunit to test. This will
resultin a platformfor evaluatinghypothesisaboutthe impor-
tanceof differentaspectsof intonation.
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