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Abstract

Datascarcityin corpus-basedintonationmodellingfor TTSap-
plicationsis addressed.We proposeto apply a searchingpro-
cessto a list of dictionariesof classesof intonationpatternspre-
viously trainedfrom corpusto avoid problemsassociatedwith
the scarcenumberof samplesin the classes.Resultsindicate
thatbetterresultsareobtainedin comparisonwith previous al-
ternativeswheretheprobabilityof predictinga lessrepresenta-
tive intonationpatternhasbeenshown to behigher.

1. Introduction
Corpusbasedsystemscouldprovide thebestengineeringsolu-
tion for the challengeof fastadaptationto new speaker voices
and speakingstyles. As far as intonation modelling is con-
cerned,one of the most importantproblemsof corpusbased
systemsis the scarcityof dataavailablein the training corpus.
In [1] we defended a strategy to copewith this problembased
on the useof a list of dictionariesof classesof pitch patterns
andon a processof aggregationof suchclasses.Thelist of dic-
tionaries,sortedin termsof informative capabilities,showedto
improve significantly the predictionerrorsin comparisonwith
previous approaches[2]. In this work, we presenta new im-
provement wherelessinformative dictionariescanbe selected
in thecasethey offer betterpredictionresults.

Modelsof intonationattemptto find out therelationshipbe-
tweena setof prosodic features(PFs)of themessageandpitch
contours(characterisedby setsof parameterslike in TILT[3] or
Fujisaki models[4]). Differentapproachesto representintona-
tion andto modeltherelationshipbetweenacousticandlinguis-
tic informationcanbefoundin thestateof theart (asreviewed
in [5]). Scarcityproblemsarisewhencorporadon’t cover all
thepossiblecombinationsof PFs(few or no samplefor a given
combination). Underthesesituations,it is requiredto predictin-
tonationfor PFssetswhicharenotproperlymodelledif they are
at all. Of course,thereis still a possibility to redesigna corpus
andincludemoresamples.However, it is notalwayspossibleto
designandacquire corporawhich includethe hugenumberof
requiredcombinations.As anexample,therearearound27mil-
lions of possiblecombinationsof PFsreportedin [6] (although
someof themareobviously absurd)while thecorpususedhad
lessthan3000 differentcombinations. Usually, this scarcityis
to be avoideddelivering betterparameterselectionprocedures
for the classificationalgorithms(neural networks, regression
tress,lineal regression,...) in thosespecialcaseswherethere
arenot enoughtraining dataor anyoneat all. In spiteof this,
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Figure1: Functionaldiagramof MEMOInt. TIU (Typeof Into-
nationUnit), LPF (List of ProsodicFeatures)andPT (Parame-
terisationTechnique)aretheparametersof MEMOInt.

therearesituationswherethenumber of possiblecombinations
of PFswhich arenot properlymodelledcould representa high
percentageandthenaturalnessof predictedpitchcontourscould
behighly compromisedif a simplisticsolutionis provided.

The methodology for modelling intonation we defend
(MEMOInt) is alsosensitive to this problembecausethebasic
ideais to build classesof pitch patternsaccording to its shape
andits prosodic function. Whentheamountof observationsof
agivenclassis limited, theproblemis thattheassociatedmodel
won’t generalizeproperly. Weshow in thiscommunicationthat
to apply a searchingprocessto locatethe dictionaryof classes
to usecompletestheaggregationprocessalreadydefended.

The MEMOInt approach is basedon the concatenation of
sequencesof pitch patternsto configurethefinal pitch contour.
Wepredictpitchcontoursin sub-unitssmallerto thesentence. If
any of theseunitsis not properlypredictedthewholeperceived
quality candecreasedramatically. This fact is not measuredby
thestandardobjectivemetrics(likeRMSEof correlationfactor)
which usuallyhide theselocal deviations. In this communica-
tion we show the importanceof this effect andhow it canbe
reducedby searchingfor lessspecificclassesbut that general-
ize better.

WestartsummarizingMEMOInt andpresentingtheparam-
etersof themethodology consideredin this study. Thenwe de-
scribetheexperimentalproceduretocomparethenew searching
strategy with previousapproaches.Finally, resultsarediscussed
andwe presentsomeof theconclusionson thebenefitsof this
new approach.

2. MEMOInt
Figure 1 representsthe threestagesdefining MEMOInt: one
for modelling,anotheronefor testingandthe last one for us-
ing resultsin TTS systems.Theoutputof the modellingstage
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Table1: Prosodicfeaturesassociatedwith thedifferentintona-
tion unitstake into account

is a list of dictionariesof models,representingthe intonation
of the corpus. The representativenessof this list of dictionar-
ies is evaluatedin the secondstage.Finally, the modelsof the
dictionaryareusedto generatesyntheticpitch contoursin TTS
applications.

Processingtasksdeterminetheresultsof MEMOInt: locat-
ing intonationunits, its labellingandits parameterisation.Lo-
catingintonationunitsrequiresestablishinga priori thetypeof
intonationunit to beused(syllable,stressgroup. . . ). Then,the
utterancesof thecorpusaredividedinto a sequenceof suchin-
tonationunits.Thelabellingtaskresultsin assigningvaluesto a
list of prosodic features(accent,positionetc.. . ) characterizing
the intonationunits. The parameterisationtaskcomputesa set
of quantitative parametersrepresentingthe shapeof the pitch
contourof theintonationunits. This taskis stronglydependent
on theTIU, LPFandPTparameters(seefigure1) which canbe
determinedby thefeedback providedby theevaluationtask.

Modellingconsistsof groupingtogetherinto thesameclass
the intonationunits that shareits prosodicfeaturesvalues. A
dictionaryis asetof classes.Themodel of eachof theclassesis
thestatisticaldistribution of theacousticintonationparameters
of the intonationunits belonging to the classobserved in the
modellingcorpus.Thegeneralizationcapabiliti esof themodels
increaseafter an iterative groupingprocess. This processand
theuseof list of dictionarieswill bebriefly describedin section
4.

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.

Becausewemodela list of dictionariesinsteadof only one,
it is importantto have a strategy to selectthemostsuitableone
depending on the intonationunit to model. Thesubjectof this
communication is to propose a new strategy to do so and to
compareit with previousproposals.

3. Corpus and Parameters
In [7] we appliedMEMOInt with StressGroups(SG1), Into-
nationGroups(IG) andSyllables(Syl) asdifferenttypesof in-
tonationunits. Typical definitionsof theseintonationunits for
Spanish(see[8]) were used. Here two additionalalternative
definitionsof the StressGrouparealsoconsidered.SG2defi-
nition is inspiredin [9] andthe stressgroupis composedby a
stressedsyllableplus the following unstressedones.SG3defi-

µ·¶�¸º¹·»�¼º½·¾º¿ÁÀlÂ�Ã�Ä%ÅÁÆºÇºÅlÈÁÉ·ÊºË·ÅlÌtÍÏÎÑÐ·Ò%ÓÔÐºÕºÖ·×tÓÔÐ·ÕºÖ'Ø:Ù%Ú
ÛºÜÞÝàß·áºâ'ãåäÁæèç·éºêìë�í·î�êÁï!ð%ñ

òºó'ôtõ·ö�÷ùøûú�ütýlü·þºÿ��tü��ºÿ������
	��
��������������������������� �!�"����� �!$#%�� '&�(�!')+*,�-�.'/�0�,�-�.'/2143�5�6�7�8'9+:;$<4=�>�?�@�A'BDC
EDF�F�EDG�H�I�JDKMLON�P
Q�N�R�S�TVU�WX�Y$Z%X�Y4[%Y]\^�_�`�a�bDc�d�e�f�g'hVikj
lDm�n�l'o�p�q�r�l's�tvu
w�xVy�w�z�{�|�y�w�z�{�}�~����

Figure2: Procedureto build thelist of dictionaries.LD is aList
of Dictionaries;LPFs andLPFu arethelist of prosodicfeatures
alreadyconsideredand not yet consideredrespectively; Se-
lectBestPF searchesfor thebestprosodicfeaturein LPFu to
addtoLPFs to build anew Dictionary;CreateDiccionary
createsanew dictionaryD basedon thefeaturesLPFs andtak-
ing into account LD. First invocationto the function mustbe
donepassingLD andLPFs void andLPFu assignedto the list
of featuresto consider.

nition is inspiredin [3] andstatesstressgroupsasthestressed
syllableplusthepreceding andthefollowing one.

Table1 shows the five different typesof intonationunits,
its prosodic features,andthedifferentnumber of valuesof the
prosodicfeatures. Note the hierarchicalrelation betweenthe
types of intonationunits and its projection into the features.
We have only selectedfour familiesof prosodicfeatures:lin-
guistic onestypeSE,posSTSG,sylRelPos,posSTIniSG,pos-
STFinSG,SGBorder);positionones(posIGSE,posSGIG,rel-
PosSyl)and lengthones(nSGSE,nSGSE,nSylSE,nPhonSE,
nSGIG,nSylIG,nPhonSG,nPhonSyl);Accentedis relatedwith
a prominentpronountiation (accent)manuallyset.

The corpususedis the samecorpus we have alreadyused
in previous works1. It contains14971syllables,4665 stress
groupsand 1747 intonationgroups. The numberof interrog-
ative anddeclarative sentences is scarce(only the 5

�
) so that

only declarative sentencesareused.Corpusis divided in 75
�

for modellingand25
�

for testing. The modellingpart is also
dividedreserving25

�
for trainingthedictionaries.

The acousticparametersto be usedare the projectionof
thecontrolpointson theBezierfitting curve of theF0 contours
(more detailsin [2]). Predictionerrorsand statisticalmodels
areobtainedwith raw F0 contours. We testdifferentnumber of
parametersaswill beshowedin section5.

4. Experimental Procedure
Theprocessto build a singledictionaryis basedin anaggrega-
tion of classescriteriaandit is describedin detailin [1]. Briefly,
eachcombinationof prosodicfeaturesdeterminesoneclassin
theinitial dictionaryof models.Providedthereis few intonation
groupsof certainclass,its modelwill benot characteristicand
its usein predictioncanbe problematic.Joiningclassesunder
a maximumsimilarity criterion increasesthe numberof sam-
plesperclassexpectingno lossof representativeness.Thenew
dictionaryobtainedafteraclassaggregationcanbeusedto pro-
ducesyntheticpitch contours. If the predictionerror obtained
with the new dictionary is smallerthanthe previous one,then
thenew classificationis better. By repeatingtheprocess,wecan
measurethecompromisebetweenprecisionandgeneralization
obtaininganoptimumconfigurationfor thedictionary.

Someof theclassesof thedictionaryof modelscanbevoid.
Oneclassis void if thereareno unitsof suchclassin themod-

1Gentlyprovided to usby TALP groupof UPCuniversity.
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Figure3: PredictionError versusthe numberof parameters.1
parametermeansonesinglevalueto fit theF0 pointsof theIn-
tonationUnit, 2 parametersis a line, 3 parametersa parabola...
(see[11])

elling corpus.Themoreprosodicfeaturesin theinput themore
the numberof void classes.But, an intonationunit of any of
suchvoid classescanappear whenusingthedictionaryto gen-
eratesyntheticpitch contours. To copewith this situationwe
don’t usea singledictionaryof modelsbut a collectionof dic-
tionaries.

Thedictionariesin thelist differ on thenumberof prosodic
featurethathave beenusedto build them.Figure2 presentsan
algorithmto build thelist of dictionaries���$�������������O�O�D�����
where � is thenumberof input prosodicfeaturesandthenum-
ber of dictionariesin the list; �$� is the dictionary built with�

prosodicfeatures. If � � wasbuilt with the list of prosodic
features������� , then ��������� � and ������� differ only in one
prosodicfeature: ��� � . ��� � is selectedso that the prediction
errorsof thetrainingcorpussamplesareminimized.

��� is the mostinformative dictionaryandit could be the
bestdictionary to useif the number of samplesin the corpus
is enough. As this is not the case,we have to explore the list
of dictionariesto choosethe mostsuitable. The way to do so
determinesdifferentstrategiescomparedhere.Thesestrategies
are: (1) DP Default Pattern:a default patternis assignedwhen
theclassof the intonationunit in the � � is void; (2) NEMID
NonEmptyMostInformativeDictionary:selectthebiggest

�
so

that � � classifiesthe intonationunit into a non void class;(3)
BD BestDictionary: selectthedictionarywhich minimizesthe
averageof the predictederrorsfor the training sampleswhich
belongto theclassof thepredictedintonationunit.

Objective evaluationwill be usedto comparethesethree
alternatives.Subjective testshave assessedtheobtainedresults.

5. Results
Figure3 shows thetrainingresultsdepending on theintonation
unit and numberof parametersto use. No classaggregation
processwasappliedtoavoid apossibleinfluenceof thisprocess.
WeselectSG3with 4 parametersbecausepredictionresultsare
similar to the resultsobtainedwith Syllables(the bestones).
Noticethatbothcanbeusedto comparethestrategiesproposed
here.WechooseSG3becauseit hasfew inputprosodicfeatures
making it fasterto train due to the computational cost of the
groupingprocess.

Figure4 permitsto comparethe threedifferentstrategies.
Differentlinesin plotsreferto differentlistsof dictionaries.The
legendof thelinesis thefeatureselectedto addto theprevious
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Figure4: Predictionerrorobtainingduring theprocessof con-
structionof thelist of dictionariesusingtheaggregationprocess
makinguseof thethreedifferentstrategiesto selectthedictio-
nary:DP, NEMID andBD

list of featuresto configure thenew dictionary. Differentpoints
on the lines arethe training predictionresultsobtainedduring
theaggregationprocess:thenumber of classesis reduced from
right to left astheclassesaregrouped together. Theminimum
of eachof thelinesindicatesthebestsituation.

The trajectoryof the predictionresultslines differs from
oneplot to eachother. Thesetrajectoriesleadusto discardDP
becauseresultsaretheworstones.Predictionresultsaresimilar
in BD andNEMID aroundtheoptimum,but they clearlydiffer
in the restof the interval: The resultsobtainedwith ��� � are
alwaysbetterthantheresultsobtainedwith ����� with

� �¢¡
in

BD independently of the numberof classes.This behaviour is
justified by the selectionmechanismof the bestdictionary: If
thenew dictionaryadded to thelist doesnot predictbetterthan
thelessinformative onesit will notbeselected,andresultswill
beat leastasgoodastheresultsobtainedwith theprevious list
of dictionaries.

Table2 shows that BD offers betterresultsthan NEMID
both whenthe dictionary � � is usedandwhenit is not. NE-
MID doesnotselect�$� if thecorrespondingclassis void. BD
doesnotselect� � whenanotherdictionarypredictsbetter. The
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Table2: Training predictionresults. �$� refersto prediction
errorsof samplespredictedwith the dictionary � � of the list.Ñ � � refersto theothercase.

percentageof caseswhere� � is notusedis smallerin theNE-
MID alternative dueto thesimplicity of this strategy. The im-
portanceof thesehigherRMSEvaluescanbe seenin figure5.
Eachof the plots zoomsoneof the lines of figure 4 andsepa-
ratesthe resultsobtainedwhenthe � � is usedandwhenit is
not. Althoughmeanresultsaresimilar for bothcases,the ���
and

Ñ � � lines differ significantlyin BD andNEMID: around
the optimumpoint, the NEMID

Ñ �$� line grows fastand the
BD oneis bounded.Althoughthepercentageof predictedsam-
plesunderthissituationis smallerin theNEMID case,they can
beenough to decreasesignificantlythequality of theperceived
intonationasit hasbeentestedperceptually. Thereasonfor this
increaseon the predictionerror canbe found in that NEMID
caseselectthefirst dictionarywheretheclassis empty, but it is
not takenaccountthattheclasscanbefew representative if the
dataarescarce.

Thisbehaviour is alsoobservedwhenthetestcorpus is pre-
dictedandtheresultshavebeencontrastedwith perceptualtests.

6. Conclusions
Better intonation prediction resultscan be obtainedusing a
searchingstrategy to find the mostsuitabledictionaryin a list.
Theclassof theintonationunit to predictmustbethesearching
criteria.Main reasonwhy resultsimprovewith respectto previ-
ousstrategiesis that we bound the distancebetweenpredicted
andrealF0 contours.

The fact of selectingclassesbelonging to less informa-
tive dictionariesdoesn’t imply worstpredictionresultsin some
cases.Thesearchingstrategy permitsto selectthemostsuitable
dictionariesdepending of theclassto predict.

Next stepis to study the shapeof the patternsandthe re-
lation with theprosodicfeaturesexploring therelationbetween
differentlevelsof thedictionaries.Thiswill giveusinformation
aboutthe intonationin the corpusandaboutthe real influence
of theprosodicfeaturesin thepatternsshape.
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