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ABSTRACT

A quantitative comparisonof four differentproposals for intona-
tion modelingin Spanishis presented.In theframework of amod-
eling procedure previously introducedby the authors,the stress
groupis taken asthe basicbuilding block anda statisticalmodel
is inferredfrom a corpusfor every kind of intonationunit, which
is parameterizedby meansof thefour controlpointsof thefitting
Bézierfunction.Applying classicalclusteringquality assessment
metricsto thestatisticalmodelspredictedunder differentpropos-
als,anobjective comparisonis brought amongthem.Fromthere-
sults,a setof prosodic factorshasbeentaken asthecharacteriza-
tion of thestressgroupandincorporatedinto aTTSplatform,with
a reportedincreasein perceptualandobjective quality.

1. INTRODUCTION

In Spanish,thereis still no agreementon the setof relevant
prosodicfactorsthat shouldbe taken into account from a com-
putationalpoint of view. Although several computational mod-
els have beentried in intonationmodelingandgeneration(bina-
ry trees,markov modelsandneuralnetworks amongothers),it is
not alwayspossibleto carryout groundedcomparisonsamongall
theseapproximations,andcommon validationcriteria arestill to
be found in order to lay down the fundamentalbasisof a good
intonationmodelingmethodology[1].

As pointedout in [2], subjective evaluation techniques still
suffer from importantpracticallimitations: availability of listen-
ers,difficult automationof thesurvey processandvery low repet-
itiveness.Quantitative metrics,on the contrary, give a reasonable
alternative allowing fastevaluationof the influencethat different
modificationsor modelingalternatives can have on the final re-
sults.Unfortunately, traditional quantitative evaluationbasedon
RMSE,correlationor otherperceptual-lik e techniques[3] arestill
underdebate[4], so it is still interestingtrying to introducenew
quantitative measuringcriteria,which enable direct evaluation of
modelingdecisionsandanadequateselectionof bestprosodic fac-
torscandidates.

In previousworks[5, 6], we presenteda new parametricmod-
eling technique of intonationpatternsin Spanish.In this work, we
provide a comparisonof four well-known proposalsof intonation
modelingin Spanishin theframework of ourmodelingprocedure.
The comparison is carriedout in termsof quantitative statistical
measureseasilyderivedfrom thestatisticalmodelsobtainedin our
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modelingtechnique.As a result,we arguethat a commonframe-
work canbeestablishedfor prosodic modelsassessment, TTSand
ASU systems.

The restof the paperis organizedasfollows: in section2, a
brief revision of our intonationmodelingproposal is made,in sec-
tion 3 we briefly reporton the setsof differentprosodicfeatures
presentedby differentauthors.In section4 we discussthemetrics
thatwereusedin thiswork. Section5 is devotedto resultsanddis-
cussionand,finally, someconclusions andsuggestionsfor future
researcharepresented.

2. INTONATION MODELING

Theintonation-modelingframework wepresentedin [5, 6] can
bedescribedasfollows.As thefirst step,aProsodicSegmentation
module extractsstressgroups(SG) from a corpusandassociates
thema setof featuresin termsof their positioninsidean intona-
tion group, their kind of accentor any otherrelevantcriteria.This
module also parameterizesthe F0 contour of every stressgroup
usingBézierfunctions.A labeling,inducedby the setof SGfea-
tures,anda setof four control pointsof the Bézierfunction of a
given stressgroupare thenpassedto the Model Builder module
which makesuseof theseparametersto build statisticalmodelsof
eachof the labeledstressgroups. In a TTS system,the input text
would thenbe segmentedinto a sequenceof stressgroups,each
being classifiedby the ProsodicLabelingmoduleand passedto
the Pitch Generation module,which assignsa F0 contourto ev-
ery stressgroupusingits label to retrieve its associatedstatistical
modelfrom the IntonationModelsdatabase.

The originality of our contribution stemsfrom the useof the
stressgroupasthe basicbuilding block for intonationmodeling,
the useof Bézier functionsto parameterizeindividually this lin-
guisticunitsandthecorrespondenceof a statisticaldistribution of
Bézierfunction control pointsto every distinct classof SG.This
lastdistinctive characteristicgrounds on the fundamental hypoth-
esisthatstressgroupsof thesamekind will have similar, although
not necessarilyidentical,pitch contours.Every kind of SG is la-
beledby theProsodicKnowledge module,whichdefinesthenum-
berandnatureof theprosodic characteristicsto beconsidered.

Althoughin previousworksweusedaclassificationof prosod-
ic unitsinspiredby theideasof López[7] for illustrationpurposes,
theadequateselectionof theclassesof stressgroupscanbethekey
to successof our methodology. In this way, a quantitative evalua-
tion of otherwell known proposalsof prosodicfeaturesclassifica-
tion astheonepresentedin this work could shedlight on what is
themostgroundeddecision.



3. REVIEW OF THE FOUR STUDIED MODELS

Therearereferenceworkson modelingof Spanishintonation
which introduceseveralprosodicfactorsto characterizeintonation
[7, 8,9, 10]. Sincewehavefocusedin theseworksfor thecompar-
isonpresentedin this paper, we will briefly review their proposals
in this section.Thefour studiesreportedhereweredeveloped for
the samekind of applicationsthat ours:TTS or automaticanal-
ysis of intonation.In spiteof this similarity, it shouldbe pointed
out thatit hasbeennecessaryto performacarefulinterpretationin
orderto matchtheideasappearingin this worksto our basicinto-
nationunit. In somecases,aprojectionof theprosodicfactorswas
enough andin someothers,the original domainof someof them
wascut down in orderto adequateit to thesizeof the corpuswe
used.

In Lopez[7], intonationis modeled by anstylizedrepresenta-
tion associatedwith every typeof syllable.Syllablesareclassified
in termsof thekind of intonationgroupthey appearin, their posi-
tion insidethestressgroupthey belongto, relative positionof the
stressgroupwithin theintonationgroupandof a Booleanflag in-
dicatingif they arestressedor not.Theadaptationof thisproposal
to ourmodelingframework involvesusingthreedifferentprosodic
factors:(1) thetypeof intonationgroup(declarativefinal,nonfinal
rising andfalling, andneutral);(2) thepositionof thestressgroup
relative to the intonationgroup(initial, medialandfinal) and(3)
kind of accent (last,penultimateor antepenultimatesyllable).

Garrido[8] carriedout a studybasedon ststylizationof into-
nation contoursof different scope.This authorenumeratesa set
of relevantprosodic factorsat stressgroup,intonationgroup,sen-
tenceandparagraph levels.For thepurposesof thepresentstudy,
we have only considered the five following factors:(1) Position
andtype of stressgroup(initial, post-initial,medial,final falling,
final risingandfinal rise-fall); (2) Numberof syllablesin thestress
group,takinginto accountjust two extremesituations(lessthan2
and2 or more);(3) Kind of accent, with thesamedomainasin the
proposal by López;(4) Positionof the intonationgroupinsideits
sentence(initial, medial,final andinitial-final (meaninga oneIG
only sentence)); (5) Numberof syllablesin the intonationgroup,
taken asa Booleanvalue indicatingwhether7 or moresyllables
werepresentor not.

Using a quite differentapproximation,Vallejo [9] introduces
the concept of syllabic nuclei plus a 10 syllablescontext (5 pre-
cedingand 5 following ones).Applying neuralnetworks classi-
fiers,this authorconcludesthat the relevant prosodicfactorshav-
ing aninfluenceon thissyllabicnucleiare:theaccent,whetherthe
syllable is in the initial or final zonewithin the intonationgroup
(initial zonestartsat the first syllableandendsat the endof the
first stressedsyllableandfinal zonetakestherestof theintonation
group),the numberof syllablesof the intonationgroup,the kind
of pausedelimiting it and the kind of terminal juncturewith the
next IG (falling or rising). The adaptationof theseprosodic fac-
tors to our specificframework implies choosingthe 5 following
ones:(1) Kind of pause(final declarative or not); (2) Positionof
the stressgroupwithin the intonationgroup(initial, middle,final
andinitial-final); (3) Kind of accent;(4) Numberof syllablesin-
sidethe intonationgroup(1, from 2 to 5, from 6 to 10, from 11
to 15 andmorethan15); (5) Kind of terminaljuncture(falling vs.
rising).

Finally, Alcobaetal. [10] describeSpanishintonationin terms
of the stressgroup,as we do, although they follow the INSINT
model.In thisway, wecandirectlyconsiderthesamerelevantfac-

tors proposedby them:(1) the number of stressgroups insidean
intonationgroup,(2) thepositionof thestressgroup,(3) thekind
of accentof the stressgroup(last syllableversusothers),(4) the
analyticaltrendof theterminaljuncture(rising vs. falling) and(5)
a Booleanflag indicatingwhetherthe intonationgroupis final or
not.

In therestof this work, we will referto eachof thesealterna-
tivesusingthenameof themainauthor, alreadyintroducedabove.

4. THE METRICS

The groundinghypothesisof all the experimentspresented
hereis that stressgroupsbelongingto the sameclasswill show
similar intonationpatternsand,thus,similar control point values
of theBézierfunctionsfitting them.Underthis assumption, a cor-
respondencecanbebuilt betweenthekind of stressgroup(defined
by a setof relevant factors)andthesetof patternscorresponding
to it (representedby a classof intonationprofiles).Sincedifferent
proposalsintroducealternative classificationspaces,they canbe
seenasdifferentclusteringof the samedataset.In consequence,
a quantitative bundleof quality metricscanbe evaluatedfor this
classifiersusingwell known concepts from clusteringtheory[11].

The metricsdescribedbelow have beenusedunderdifferent
clusteringconditionsin theexperimentsdescribedin section5. In
somesense,all of themgive similar informationaboutthequality
of a givenclustering:thesmallerthevalues,thebettertheclassifi-
cation.

M1: Sumof thesquaredclassificationerror.
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M2: Intra-classsamplesdistance.
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M3, M4: Scatteringmeasures.
Thescattermatrix for cluster
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Theintra-clusterscattermatrix would becomputedas:EJI � � �� 	 
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Theinter-clusterscattermatrix is:



PROPOSAL K & KML$N ���2O �-,PO �FQ$O ��R�O
Lopez 36 36 0.241 0.238 0.705 0.225

Garrido 288 181 0.366 0.339 0.854 0.350
Vallejo 240 141 0.286 0.277 0.767 0.275
Alcoba 200 116 0.267 0.271 0.741 0.250

Table 1. Comparative resultsfor the four describedmetricswhen
all the possibleclassesaretaken into account. K & representsthe
numberof classesand K L$N thenumberof non-empty classesfound
from thecorpus.
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where �� is themeanvectorover thesetof samples.Thetotal scat-
ter matrix

E�T
canbecomputedas

E�T � E IVU E S
.

To obtaina singlescalarindicatorof thesematrices,we con-
sideredthetraceandthedeterminant. Thetraceof

E I
givesagain

M1. Fromthedeterminant,new metricsareobtained:�FQW� � EJI � 3 �FRX� ;HY[Z E]\ �T EJI_^
(7)

5. RESULTS AND DISCUSSION

CorpusESMA-UPC[12]wasusedto carry out all the exper-
imentspresentedin this paper. Although it hasnot beenspecifi-
cally designedfor intonationanalysis,the numberof samplesis
high enoughto obtainrepresentative results,speciallyfor declara-
tive sentences.That’s why we have carriedout this studyonly for
this kind of sentences,for which 4354differentstressgroupsare
containedin thecorpus.Shouldwe have at handa greatercorpus,
theresultscouldbeextendedandrebuilt immediately.

For the first part of the experiment, a comparison of the four
intonationmodelswascarriedout evaluating the four metricsde-
scribedin section4 for thedifferentnumber of classesprescribed
by eachone.Thereferencepoint for eachmetricwasits valuefor a
one-classclustering,which comesto representtheworst possible
classificationstrategy. Table1 shows the resultsfor this compar-
ison. In this table,and in the two following ones,the following
notationwasused: K & representsthe numberof classes,K'L$N the
numberof non emptyclassesand

� ! O 3 ! �`�$#�# R
arethe relative

metricsusedto comparetheproposals,in perunity scale.As for ta-
ble1,

� ! Oa� < � !1b �c� ! =ed � !1b 3 ! �@�P#�# R where
� !1b represents

the valueof metric
� ! whenit is evaluatedover all the samples

of the corpus.This meansthat the higher the valueof
� ! O , the

greaterthequalityof theclassification,sincetheserelativemetrics
canbe interpretedasthe relative improvement obtainedover the
all-in-oneclusteringwhen a specificclassificationis chosen. As
seenin theresults,Garridogivesa clearbetterresultthantherest
of theproposals,which show similarbehaviour.

Thenumbersin table1 couldalsosuggestthat the resultsare
to bebetterthehigherthenumberof classes.Thus,wehavecarried
out analternative comparisonexperiment in which thetotal num-
ber of non emptyclasseswaskept to a commonminimum value
of 36, givenby Lopez.To do this, an iterative merging procedure
wascarriedout. In eachstep,two classeswerechosenandmerged
into oneif the influenceof this merging on the valueof

���
was

thesmallestpossibleone.Again,
� ! b wasusedasa normalizing

PROPOSAL K & KfL$N �D��O �-,PO �-QPO ��R�O
Lopez 36 36 0.241 0.238 0.705 0.225

Garrido 288 36 0.348 0.311 0.828 0.325
Vallejo 240 36 0.278 0.261 0.751 0.250
Alcoba 200 36 0.262 0.260 0.731 0.250

Table 2. Comparative resultsfor thefour describedmetricswhen
the numberof classesis iteratively merged to 36 as in Lopez.
Again, thehigherthevalueof therelative metric

� ! O , thegreater
theclusteringquality.

Proposal K LPN ��� O �-, O �-Q O ��R O
Lopez 36 0.784 0.455 0.999 0.677

Garrido 181 0.889 0.601 0.999 0.846
Vallejo 141 0.888 0.607 0.999 0.828
Alcoba 116 0.878 0.585 0.999 0.833

Table 3. Valuesof the four describedmetricswhenthey arenor-
malizedagainsttheir expectedvaluesafter a K-meansclustering
with thenumberof non-emptyclassesfoundin table1.

reference,with thesamemeaningthanbefore.Theresultsof this
second comparisonareshown in table2. Although the valuesof
themetricsarenow smaller, thesamecommentsapply:Garridois
still thebestalternative.

Sincethe resultsin tables1 and2 serve only to comparethe
clusteringquality of the differentproposalswith respectto each
other, we thought it would alsobe interestingto get information
about the,so to say, absolutequality of eachproposal.As an ap-
proximationto this question,we designeda final comparisonin
whichall four proposalswerecomparedto acommonground clas-
sification,obtainedthrough a classicalK-meansclusteringalgo-
rithm appliedto the number of non-empty classesprescribedby
eachproposal. In this case,the relative metricsshown in table3
give a measure,in partsof unity, of the improvement that would
benecessarywithin a givenclassificationproposalin orderto get
the ideal one.So, a relative valueof 1 means’all improvement’
still to be madeand a valueof 0 would mean’perfect K-means
classified’.More precisely,

� ! O � < � ! �g� !ih =ed � ! 3 ! �j�$#�# R
,

where
� ! h is thevalueof metric

� ! obtainedafteranautomatic
K-meansclusteringhasbeencarriedout with the samplesof the
corpus. The moststriking resultof table3 is that no singlepro-
posalis closeenoughto theoptimalsituation.All of themshow a
noticeable disagreementwith theclassificationscenariothatwould
beexpectedstartingfrom scratchandaddingno linguistic knowl-
edgeat all. This is speciallytruefor metric

�FQ
, which shouldbe

themostdistinctive oneandis closeto 1 in all cases.A difference
in the relative behaviour of

�D�
and

�-,
with respectto the one

foundin tables1 and2 is alsorepresentative,sinceK-meansalgo-
rithm tendsto minimize

�D�
andfixesa referencefar away from

thevaluesobtainedin theproposedclassifications.
A commonsensereadingof theresultsin table3 couldbethat

a lot of simplification is madein every proposalwith respectto
whatcanbe found in realsamples:thereis muchmorebehaviour
scatteringthanexpected. Furthermore,it couldalsobearguedthat
abettermodelcanbeinferredfrom prosodiccorpusdataby trying
to find the numberand domainof possibleinfluencingprosodic



RMSE Pearson Coef.
Test-1 18.93 0.70
Test-2 17.85 0.73

Table 4. RMSE and PearsonCorrelationcoefficients of the dis-
tancebetweenoriginal andsyntheticF0 contours.Thelatterwere
obtainedas the meanvalueof all the patternsin the classcorre-
sponding to a samestressgroup. In Test 1, 75 k of the corpus
sampleswereusedto getthestatisticalmodelsfor theF0contours
andthe rest(25 k ) to run the regressiontest.In Test2, 100 k of
thecorpussampleswereusedbothto build themodelsandto run
thetests.

factorswhich leadto a betterclusteringagreementwith realsam-
ples.Although therearestill no final resultsto be published,we
areworking in thisdirectionat themoment.

A final remarkaboutempty classesis suitableat this point.
Thefactthatwehaveemptyclassesis relatedto thefactthatsome
of theprosodic categoriesprescribedin themodelscorrespondto
highly infrequent stressgroups(like antepenultimate accentsin
Spanish).For TTS purposes,this can causeproblems, sinceno
modelwould beobtainedin this cases,theonly solutionbeingac-
quiring a specificandmorecompleteprosodiccorpus,which was
out of thescopeof thisstudy.

Although noneof the proposalsseemsto give the most ad-
equatesetof prosodic factors,we have incorporatedthe one by
Garrrido to our intonationmodelingprocedure for TTS, sinceit
givesthebestoverall results.Preliminaryperceptualtestsshowed
that an intonationquality similar to othercommercialsystemsis
obtained.Table5 shows theresultsof theconventionalRMSEand
Pearsoncorrelationtestsappliedto our TTS systemwhenintona-
tion modelingis carriedout in termsof stressgroupunitsandthe
classificationproposedby Garrido.

6. CONCLUSIONS

In the framework of an intonationmodelingprocedure previ-
ously introducedby the authors,a methodto quantitatively eval-
uategiven setsof prosodicfactorshasbeendescribed.By means
of four metricscommonly usedfor clusteringquality assessment,
four differentintonationmodelingproposals for Spanishhavebeen
evaluated. Thebestof theseproposalshasbeenincorporatedinto
theProsodicKnowledge moduleof ourTTSplatformandits qual-
ity hasthusbeenincreased.

Nevertheless,therearetwo reasonswhy theresultspresented
herecannotbe interpretedasa rankingof the four studiedmod-
els.First, a particularinterpretationwasnecessaryin orderto ad-
equatethreeof themto our modelingframework. Second,the re-
sultsareobtainedwith aparticularprosodiccorpuswhichadequa-
cy for prosodicstudiesstill hasto be revised.In order to have a
definitive rankingof themodels,it would benecessaryto designa
specificprosodiccorpuswhereall thepossibleclassesforeseenin
theproposals would beequallybalanced.

Finally, ourstatisticalmodelingtechniqueof thecontrolpoints
of the Bézierfunction thatcloselyapproximatesthestressgroup,
takenasthebasicbuilding block of intonation,bringswaysto ob-
jectively evaluatetheinfluenceof prosodic factors.Thisopensnew
possibilitiesfor the automaticextraction of prosodicknowledge
from corporaandbringsa possiblecommonframework both for

TTS applicationsand prosodic aidedAutomatic SpeechUnder-
standing.
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