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Abstract

Datascarcityin corpus-baedintonationmodellingfor TTS ap-
plicationsis addressedWe proposeto apply a searchingpro-
cesdo alist of dictionariesof classe®f intonationpatterngre-
viously trainedfrom corpusto avoid problemsassociateavith
the scarcenumberof samplesn the classes.Resultsindicate
thatbetterresultsare obtainedin comparisorwith previous al-
ternatveswherethe probability of predictinga lessrepresenta-
tive intonationpatternhasbeenshown to be higher

1. Introduction

Corpusbasedsystemscould provide the bestengineeringsolu-
tion for the challengeof fastadaptatiorto newv spealkr voices
and speakingstyles. As far as intonation modelling is con-
cerned,one of the mostimportant problemsof corpusbased
systemss the scarcityof dataavailablein thetraining corpus.
In [1] we defende a stratgy to copewith this problembased
on the useof a list of dictionariesof classesf pitch patterns
andon a procesf aggrgationof suchclassesThelist of dic-
tionaries,sortedin termsof informative capabilities shovedto
improve significantly the predictionerrorsin comparisonwith
previous approabes[2]. In this work, we presenta new im-
provemern wherelessinformative dictionariescanbe selected
in the casethey offer betterpredictionresults.

Modelsof intonationattemptto find outtherelationshipbe-
tweena setof prosodc featureg PFs)of the messagandpitch
contourg(characterisedby setsof parametertikein TILT[3] or
Fujisakimodels[4). Differentapproahesto represenintona-
tion andto modeltherelationshipbetweeracousticandlinguis-
tic informationcanbe foundin the stateof the art (asreviewed
in [5]). Scarcityproblemsarisewhen corporadon't cover all
the possiblecombinaions of PFs(few or no samplefor agiven
combination. Underthesesituationsit is requiredto predictin-
tonationfor PFssetswhicharenotproperlymodelledif they are
atall. Of coursethereis still a possibilityto redesigra corpus
andincludemoresamplesHowever, it is notalwayspossibleto
designandacqure corporawhich includethe hugenumberof
requiredcombinationsAs anexample therearearound27 mil-
lions of possiblecombimationsof PFsreportedin [6] (although
someof themareobviously absurd)while the corpususedhad
lessthan3000 differentcombinatiors. Usually, this scarcityis
to be avoideddelivering betterparameteiselectionproceduies
for the classificationalgorithms (neural networks, regression
tress,lineal regression,...) in thosespecialcaseswvherethere
are not enoughtraining dataor arnyone at all. In spiteof this,
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Figurel: Functionaldiagramof MEMOInt. TIU (Typeof Into-
nationUnit), LPF (List of ProsodicFeaturesandPT (Parame-
terisationTechnique)arethe parameteref MEMOInt.

therearesituationswherethe numbe of possiblecombinatiors
of PFswhich arenot properlymodelledcould represent high
percentagandthenaturalnessf predictedpitch contourscould
be highly compromisedf a simplisticsolutionis provided.

The methodolgy for modelling intonation we defend
(MEMOiInt) is alsosensitve to this problembecausehe basic
ideais to build classef pitch patternsaccordng to its shape
andits prosodc function. Whenthe amountof obsenations of
agivenclassis limited, theproblemis thattheassociatednodel
won't generalizeproperly We shawv in this commuricationthat
to apply a searchingprocesso locatethe dictionary of classes
to usecompleteghe aggreationprocesslreadydefended

The MEMOInt appro&h is basedon the concateation of
sequenesof pitch patternsto configurethe final pitch contour
We predictpitch contourdn sub-unitssmallerto thesentencelf
ary of theseunitsis not properlypredictedthewhole perceved
quality candecreaseramatically This factis not measuredy
thestandardbjective metrics(like RMSE of correlationfactor)
which usually hide theselocal deviations. In this commurica-
tion we shav the importanceof this effect and how it canbe
reducedby searchingor lessspecificclassesut thatgeneral-
ize better

We startsummarizingEMOInt andpresentingheparam-
etersof the methodolog consideedin this study Thenwe de-
scribetheexperimentaprocedireto comparethenew searching
stratgy with previousapproacls.Finally, resultsarediscussed
andwe presentsomeof the conclusionson the benefitsof this
new appro&h.

2. MEMOiInt

Figure 1 representghe three stagesdefining MEMOInt: one
for modelling, anotheronefor testingandthe last one for us-
ing resultsin TTS systems.The outputof the modellingstage



Prosodic Feature Acronimus IG SG1| SG2 SG3 Syl|

Type of sentence typeSE 3 3 3 3 3
Number of IG in the SE nIGSE a4 10 10 10 a4
Number of SG in the SE NSGSE 4 6 6 6 4
Number of Syl in the SE nNSyISE 4 6 6 6 4
Number of Phon in the SE nPhonSE 4 6 6 6 4
Position of IG in the SE poSIGSE 5 7 7 7 5
Number of SG in the IG nSGIG 5 6 6 6 5
Number of Syl in the IG nsyllic 4 7 7 1 4
Number of Phon in the IG nPhonlIG 4 6 6 6 4
Position of ST in Initial SG posSTINISG 3 3 3 3 3
Position of ST in Final SG posSTFinSG 3 3 3 3 3
Position of SG in the IG posSGIG 5 5 5 6
Number of Syl in the SG nSylSG 9 9 1 5
Number of Phon in the SG nPhonSG 6 6 a a4
Prominence Accented 2 2 2 2
Position of ST in the SG posSTSG 3 3 3 3
World Boundary SGBorder 1 4 3 1
Position of the Syl in the SG relPosSyl 6
Number of Phon in th Syl nPhonSyl 4

Tablel: Prosodicfeaturesassociatedvith the differentintona-
tion unitstake into account

is a list of dictionariesof models,representinghe intonation
of the corpus. The representatienessof this list of dictionar
iesis evaluatedin the secondstage.Finally, the modelsof the
dictionaryareusedto generatesyntheticpitch contaursin TTS
applications.

Processingasksdeterminetheresultsof MEMOInt: locat-
ing intonationunits, its labelling andits parameterisationLo-
catingintonationunitsrequiresestablishinga priori the type of
intonationunit to be used(syllable,stresggroup...). Then,the
utterance®f the corpusaredividedinto a sequere of suchin-
tonationunits. Thelabellingtaskresultsin assigningvaluesto a
list of prosalic featuregaccentpositionetc...) characterizing
the intonationunits. The parameterisatiotaskcomputesa set
of quartitative parametersepresentinghe shapeof the pitch
contourof theintonationunits. This taskis stronglydependat
ontheTIU, LPFandPT parametergseefigure 1) which canbe
determinedy thefeedba& provided by the evaluationtask.

Modelling consistof groupingtogetheiinto thesameclass
the intonationunits that shareits prosodicfeaturesvalues. A
dictionaryis asetof classesThemodé of eachof theclassess
the statisticaldistribution of the acousticdntonationparameters
of the intonationunits belongng to the classobsened in the
modellingcorpus.Thegeneralizatiortapaliliti esof themodels
increaseafter an iterative groupingprocess This processand
theuseof list of dictionarieswill bebriefly describedn section
4,

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

Becausave modelalist of dictionariesnsteadof only one,
it is importantto have a strateyy to selectthe mostsuitableone
dependihg on the intonationunit to model. The subjectof this
commurication is to propcse a new stratgy to do so andto
compareit with previous proposals.

3. Corpusand Parameters

In [7] we applied MEMOInt with StressGroups(SG1), Into-
nationGroups(IG) and Syllables(Syl) asdifferenttypesof in-
tonationunits. Typical definitionsof theseintonationunits for
Spanish(see[8]) were used. Here two additional alternatve
definitionsof the StressGroup are also considered.SG2 defi-
nition is inspiredin [9] andthe stressgroupis compaedby a
stressedyllable plus the following unstressednes. SG3defi-

CreateListOfDictionaries (LD, LPFs, LPFu) {

if ( LPFu is not empty) {
PFBest = SelectBestPF (LD, LPFs, LPFu);;
LPFs=LPFs + PFBest;
LPFu=LPFu - PFBest;
D = CreateDiccionary (LD, LPFEs);
LD = LD + D;
CreatelListOfDictionaries (LD, LPFs, LPFu);

Figure2: Procedurédo build thelist of dictionaries.LDis aList
of Dictionaries;L PFs andLPFu arethelist of prosodicfeatures
alreadyconsideredand not yet consiceredrespectiely; Se-

| ect Best PF searchefor thebestprosodicfeaturein LPFu to
addto LPFs to build anew Dictionary;Cr eat eDi cci onary
createsanew dictionaryD basedon thefeatured PFs andtak-
ing into accoun LD. Firstinvocationto the function mustbe
donepassing_D andLPFs void andLPFu assignedo the list
of featurego consider

nition is inspiredin [3] andstatesstressgroupsasthe stressed
syllableplusthe precedimg andthefollowing one.

Table 1 shows the five differenttypesof intonationunits,
its prosodc featuresandthe differentnumkber of valuesof the
prosodicfeatures. Note the hierarchicalrelation betweenthe
types of intonation units and its projectioninto the features.
We have only selectedfour families of prosodicfeatures:lin-
guistic onestypeSE,posSTSG sylRelPos,posSTIniSG,pos-
STFINSG, SGBorder);positionones(posIGSE posSGIG rel-
PosSyl)and length ones(nSGSE nSGSE ,nSylSE,nPhonSE,
nSGIG,nSyllG,nPhonSGnPhonSyl)Accenteds relatedwith
aprominentpronouriation (accentymanuallyset.

The corpususedis the samecorpus we have alreadyused
in previous works'. It contains14971 syllables, 4665 stress
groupsand 1747 intonationgroups. The numberof interrog-
ative anddeclaratve sentenceis scarce(only the 5%) so that
only declaratve sentencesreused. Corpusis dividedin 75%
for modellingand 25% for testing. The modellingpartis also
dividedreserving25% for trainingthedictionaries.

The acousticparametergo be usedare the projection of
the control pointson the Bezierfitting curve of the FO contous
(moredetailsin [2]). Predictionerrorsand statisticalmodels
areobtainedwith raw FO contous. We testdifferentnumbe of
parameteraswill beshavedin sectionb.

4. Experimental Procedure

Theprocesdo build a singledictionaryis basedn anaggreja-
tion of classegriteriaandit is describedn detailin [1]. Briefly,
eachcombinationof prosodicfeaturesdetermineneclassin
theinitial dictionaryof models.Providedthereis few intonation
groupsof certainclass,its modelwill be not characteristiand
its usein predictioncanbe problematic.Joining classesinder
a maximumsimilarity criterion increaseghe numberof sam-
plesperclassexpectingno lossof representatienessThe nev
dictionaryobtainedafteraclassaggregationcanbeusedto pro-
ducesyntheticpitch contous. If the predictionerror obtained
with the new dictionaryis smallerthanthe previous one,then
thenew classificatioris better By repeatingheprocessyecan
measuraghe compranisebetweenprecisionandgenealization
obtaininganoptimumconfigurationfor thedictionary

Someof theclasse®f thedictionaryof modelscanbevoid.
Oneclassis void if thereareno units of suchclassin the mod-

1Gently provided to usby TALP groupof UPCuniversity.
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Figure3: PredictionError versusthe numberof parameters1
parametemeansonesinglevalueto fit the FO pointsof the In-
tonationUnit, 2 parameterss aline, 3 parametersa parabda...
(se€[11])

elling corpus.The moreprosodicfeaturesn theinputthe more
the numberof void classes.But, anintonationunit of ary of
suchvoid classesanappea whenusingthedictionaryto gen-
eratesyntheticpitch contous. To copewith this situationwe
don't usea singledictionary of modelsbut a collectionof dic-
tionaries.

Thedictionariesn thelist differ onthe numberof prosodc
featurethathave beenusedto build them. Figure2 presentsan
algorithmto build thelist of dictionariesLD™ = (D', .., D™)
whereNN is thenumberof input prosodicfeaturesandthe num-
ber of dictionariesin the list; D! is the dictionary built with
t prosodicfeatures. If D* was built with the list of prosodc
featuresLPF*, then LPF**t! and LPF! differ only in one
prosodicfeature: PF*t. PF* is selectedso thatthe prediction
errorsof thetraining corpussamplesareminimized.

DY is the mostinformative dictionaryandit could be the
bestdictionaryto useif the numbe of samplesin the corpus
is enowgh. As this is not the case,we have to explore the list
of dictionariesto choosethe mostsuitable. The way to do so
determineglifferentstratgiescomparechere. Thesestratgjies
are: (1) DP Default Pattern: a default patternis assignedvhen
the classof theintonationunit in the DV is void; (2) NEMID
Non EmptyMostInformative Dictionary: selecthebiggestt so
that D¢ classifiesthe intonationunit into a non void class;(3)
BD BestDictionary: selectthe dictionarywhich minimizesthe
averageof the predictederrorsfor the training sampleswhich
belongto the classof the predictedntonationunit.

Objective evaluationwill be usedto comparethesethree
alternatves. Subjectve testshave assessethe obtainedresults.

5. Results

Figure3 shaws thetrainingresultsdependig on theintonation
unit and numberof parameterso use. No classaggreation
processvasappliedto avoid apossiblenfluenceof thisprocess.
We selectSG3with 4 parameterbecaus@redictionresultsare
similar to the resultsobtainedwith Syllables(the bestones).
Noticethatbothcanbeusedto compae the stratgjiesproposed
here.We chooseSG3becauséd hasfew inputprosodicfeatures
making it fasterto train dueto the compuational cost of the
groupingproces.

Figure4 permitsto comparethe threedifferent strateies.
Differentlinesin plotsreferto differentlists of dictionaries.The
legendof thelinesis thefeatureselectedo addto the previous
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Figure4: Predictionerror obtainingduring the processof con-
structionof thelist of dictionariesusingtheaggreationprocess
makinguseof the threedifferentstratgjiesto selectthe dictio-
naryDP, NEMID andBD

list of featurego configure the new dictionary Differentpoints
on the lines arethe training predictionresultsobtainedduring
theaggreationprocessthe numter of classess reduce from
right to left asthe classesaregroupal together The minimum
of eachof thelinesindicatesthe bestsituation.

The trajectoryof the predictionresultslines differs from
oneplot to eachother Thesetrajectoriedeadusto discardDP
becauseesultsaretheworstones.Predictionresultsaresimilar
in BD andNEM D aroundthe optimum,but they clearly differ
in the restof the interval: The resultsobtainedwith LD* are
alwaysbetterthantheresultsobtainedwith LD" with t > w in
BD indepemlently of the numberof classes.This behaiour is
justified by the selectionmechanisnof the bestdictionary: If
the new dictionaryaddae to thelist doesnot predictbetterthan
thelessinformative onesit will notbeselectedandresultswill
be atleastasgoodastheresultsobtainedwith the previous list
of dictionaries.

Table 2 shows that BD offers betterresultsthan NEM D
both whenthe dictionary DV is usedandwhenit is not. NE-
MID doesnotselectD” if thecorrespadingclassis void. BD
doesnotselectD” whenanothewictionarypredictshetter The
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LD!

21.47

0.59

0.00

0.00

0.00

21.47

0.59

0.00

0.00

18.90

0.70

0.00

0.00

0.00

18.42

0.70

23.08

10.97

LD®

18.31

0.72

0.00

0.00

0.00

17.68

0.77

19.78

38.48

LD*

17.85

0.74

32.07

047

0.82

15.83

0.78

20.90

43.29

LD

17.10

0.76

28.93

0.43

1.42

18.67

0.67

16.97

66.99

LD°

16.05

0.79

28.10

0.51

3.10

14.35

0.80

18.96

53.93

14.80

0.82

27.53

0.52

2.68

12.80

0.85

19.55

45.60

LD®

13.92

0.84

26.53

0.68

3.55

14.71

0.84

15.12

53.58

LD°

13.05

0.86

21.18

0.73

7.84

11.71

0.88

16.28

49.93

Table 2: Training predictionresults. DV refersto prediction
errorsof samplegpredictedwith the dictionary DV of the list.
DY refersto theothercase.

percentagef casesvhereDV is notusedis smallerin the NE-
MID alternatve dueto the simplicity of this stratgyy. Theim-
portanceof thesehigherRMSE valuescanbe seenin figure 5.
Eachof the plots zoomsone of the lines of figure 4 and sepa-
ratesthe resultsobtainedwhenthe DY is usedandwhenit is
not. Although meanresultsaresimilar for both casesthe DV
and!DY lines differ significantlyin BD andNEM I D: around
the optimum point, the NEMID !D¥ line grows fastand the
BD oneis bounded.Althoughthe percentagef predictedsam-
plesunderthissituationis smallerin theNEM I D casethey can
be enoud to decreassignificantlythe quality of the perceved
intonationasit hasbeentestedoerceptually Thereasorfor this
increaseon the predictionerror canbe found in that NEM 1D
caseselectthefirst dictionarywherethe classis empty butit is
nottakenaccounthatthe classcanbe few representati if the
dataarescarce.

Thisbehaiour is alsoobseredwhenthetestcorpusis pre-
dictedandtheresultshave beencontrastedvith perceptuatests.

6. Conclusions

Better intonation prediction results can be obtainedusing a
searchingstrat@y to find the mostsuitabledictionaryin alist.
Theclassof theintonationunit to predictmustbethe searching
criteria. Main reasonwhy resultsimprove with respecto previ-
ousstratgiesis thatwe bourd the distancebetweenpredicted
andreal FO contours.

The fact of selectingclassesbelongng to lessinforma-
tive dictionariesdoesnt imply worstpredictionresultsin some
casesThesearchingtratgy permitsto selectthe mostsuitable
dictionariesdepenling of the classto predict.

Next stepis to studythe shapeof the patternsandthe re-
lation with the prosodicfeaturesexploring the relationbetween
differentlevelsof thedictionaries.Thiswill give usinformation
abouttheintonationin the corpusandaboutthe realinfluence
of the prosodicfeaturedn the patternsshape.
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