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ABSTRACT

A quantitatve comparisonof four differentproposés for intona-
tion modelingin Spanishs presentedin theframewvork of amod-
eling proceduie previously introducedby the authors,the stress
groupis taken asthe basichbuilding block and a statisticalmodel
is inferredfrom a corpusfor every kind of intonationunit, which
is parameterizethy meansof the four control pointsof thefitting
Bézierfunction. Applying classicalclusteringquality assessmén
metricsto the statisticalmodelspredictedunde differentpropos
als,anobjective compaisonis brough amongthem.Fromthere-
sults,a setof prosodc factorshasbeentaken asthe characteriza-
tion of the stresgyroupandincorpaatedinto a TTS platform,with
areportedincreasean perceptuahndobjective quality.

1. INTRODUCTION

In Spanishthereis still no agreemenbn the setof relevant
prosodicfactorsthat should be taken into account from a com-
putational point of view. Although several compuational mod-
els have beentried in intonationmodelingand generation(bina-
ry trees,markov modelsandneuralnetworks amongothers),it is
not alwayspossibleto carry out grounded compaisonsamongall
theseapproxmations,and comman validation criteria are still to
be found in orderto lay down the fundamentabasisof a good
intonationmodelingmethodolog[1].

As pointedout in [2], subjectve evaluationtechniques still
suffer from importantpracticallimitations: availability of listen-
ers,difficult automatiorof the surney processandvery low repet-
itivenessQuantitatve metrics,on the contrary give a reasonable
alternatve allowing fastevaluationof the influencethat different
modificationsor modeling alternatves can have on the final re-
sults. Unfortunately traditional quantitatve evaluationbasedon
RMSE, correlationor otherperceptuklik e techniques[Barestill
underdebate[4], soit is still interestingtrying to introducenew
guantitatve measuringcriteria, which enable direct evaludion of
modelingdecisionaandanadequateselectiorof bestprosodc fac-
torscandidates.

In previousworks[5, 6], we presented nen parametrianod-
eling technique of intonationpatterndn Spanishlin this work, we
provide a comparisorof four well-known propcsalsof intonation
modelingin Spanishin theframavork of our modelingprocedue.
The compaison is carriedout in termsof quantitatve statistical
measuresgasilyderivedfrom the statisticaimodelsobtainedn our
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modelingtechnique As aresult,we arguethata commonframe-
work canbeestablishedor prosodc modelsassessmenTTS and
ASU systems.

The restof the paperis organizedasfollows: in section2, a
brief revision of our intonationmodelingproposéis made,in sec-
tion 3 we briefly reporton the setsof differentprosodicfeatures
presentedy differentauthorsIn sectiond we discusshe metrics
thatwereusedin thiswork. Section5 is devotedto resultsanddis-
cussionand, finally, someconclusiors and suggestiongor future
researcharepresented.

2. INTONATION MODELING

Theintonation-moeling framewvork we presentedh [5, 6] can
be describedasfollows. As thefirst step,a ProsodicSgmentdion
modue extractsstressgroups(SG) from a corpusandassociates
thema setof featuresin termsof their positioninside an intona-
tion group their kind of accentor ary otherrelevantcriteria. This
modue also parameterizeshe FO contou of every stressgroup
usingBézierfunctions.A labeling,inducedby the setof SGfea-
tures,anda setof four control pointsof the Bézierfunction of a
given stressgroup are then passedo the Modd Builder module
which makesuseof theseparameterso build statisticalmodelsof
eachof thelabeledstressgroups. In a TTS system the input text
would then be segmentedinto a sequ@ce of stressgroups,each
being classifiedby the ProsodicLabeling module and passedo
the Pitch Geneation module,which assignsa FO contourto ev-
ery stressgroup usingits labelto retrieve its associatedtatistical
modelfrom the IntonationModelsdatabase.

The originality of our contribution stemsfrom the useof the
stressgroup asthe basicbuilding block for intonationmodeling,
the use of Bézierfunctionsto parameterizéndividually this lin-
guisticunitsandthe correspondnceof a statisticaldistribution of
Bézierfunction control pointsto every distinct classof SG. This
lastdistinctive characteristigrounds on the fundamenal hypoth-
esisthatstresgyroupsof thesamekind will have similar, although
not necessarilyidentical, pitch contours.Every kind of SGis la-
beledby the ProsodicKknowledg module which defineghenum-
berandnatureof the prosodc characteristicso be considered.

Althoughin previousworkswe useda classificatiorof prosod-
ic unitsinspiredby theideasof Lépez[7] for illustrationpurposes,
theadequateselectiorof theclasse®f stresgroupscanbethekey
to succes®f our methodolog. In this way, a quantitatve evalua-
tion of otherwell known proposalof prosodicfeaturesclassifica-
tion asthe onepresentedn this work could shedlight on whatis
themostgrourdeddecision.



3. REVIEW OF THE FOUR STUDIED MODELS

Therearereferencenorks on modelingof Spanishintonation
whichintroduceseveral prosodicfactorsto characterizéntonation
[7,8,9, 10]. Sincewe have focusedn theseworksfor thecompar
isonpresentedn this paperwe will briefly review their proposés
in this section.The four studiesreportedherewere developed for
the samekind of applicationsthat ours: TTS or automaticanal-
ysis of intonation.In spite of this similarity, it shouldbe pointed
outthatit hasbeennecessaryo performacarefulinterpretatiorin
orderto matchtheideasappearingn this worksto our basicinto-
nationunit. In somecasesa projectionof the prosodicfactorswas
enoud andin someothers,the original domainof someof them
wascut down in orderto adequatet to the size of the corpuswe
used.

In Lopez[7], intonationis modded by anstylizedrepresenta-
tion associatedvith every type of syllable.Syllablesareclassified
in termsof the kind of intonationgroupthey appeaiin, their posi-
tion insidethe stresggroupthey belongto, relative positionof the
stresgyroupwithin theintonationgroupandof a Booleanflagin-
dicatingif they arestressear not. Theadaptatiorof this proposa
to our modelingframework involvesusingthreedifferentprosodic
factors:(1) thetypeof intonationgroup(declaratve final, nonfinal
rising andfalling, andneutral);(2) the positionof the stresggroup
relative to the intonationgroup (initial, medialandfinal) and(3)
kind of accen (last, penultimateor antepenltimatesyllable).

Garrido[8] carriedout a study basedon ststylizationof into-
nation contoursof differentscope.This authorenumergesa set
of relevant prosodc factorsat stresggroup,intonationgroup,sen-
tenceandparagrap levels. For the purpcsesof the presenttudy
we have only consideed the five following factors:(1) Position
andtype of stressgroup (initial, post-initial, medial, final falling,
final rising andfinal rise-fall); (2) Numberof syllablesin thestress
group,takinginto accountust two extremesituations(lessthan2
and2 or more);(3) Kind of accen, with thesamedomainasin the
proposaby Lépez; (4) Positionof the intonationgroupinsideits
sentencdinitial, medial,final andinitial-final (meaninga onelG
only sentenc®; (5) Numberof syllablesin the intonationgroup
taken as a Booleanvalue indicatingwhether7 or more syllables
werepresenbr not.

Using a quite differentapproxmation, Vallejo [9] introduces
the concent of syllabic nuclei plus a 10 syllablescontext (5 pre-
cedingand 5 following ones).Applying neural networks classi-
fiers, this authorconcludeghatthe relevant prosodicfactorshav-
ing aninfluenceon this syllabicnucleiare:theaccentwhetherthe
syllableis in the initial or final zonewithin the intonationgroup
(initial zonestartsat the first syllable and endsat the end of the
first stressedyllableandfinal zonetakestherestof theintonation
group),the numberof syllablesof the intonationgroup, the kind
of pausedelimiting it andthe kind of terminaljuncturewith the
next IG (falling or rising). The adaptationof theseprosodc fac-
tors to our specificframevork implies choosingthe 5 following
ones:(1) Kind of pause(final declaratve 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, aswe do, althoudh they follow the INSINT
model.In thisway, we candirectly considerthe samerelevantfac-

tors proposedby them: (1) the number of stressgroups insidean
intonationgroup, (2) the positionof the stressgroup, (3) the kind
of accentof the stressgroup (last syllable versusothers),(4) the
analyticaltrendof theterminaljuncture(rising vs. falling) and(5)
a Booleanflag indicating whetherthe intonationgroupis final or
not.

In the restof this work, we will referto eachof thesealterna-
tivesusingthenameof the mainauthor alreadyintroducedabove.

4. THE METRICS

The grounding hypothesisof all the experimentspresented
hereis that stressgroupsbelongingto the sameclasswill shav
similar intonationpatternsand, thus, similar control point values
of the Bézierfunctionsfitting them.Underthis assumptiona cor-
respomlencecanbe built betweerthekind of stresggroup(defined
by a setof relevantfactors)andthe setof patternscorrespading
to it (representetby a classof intonationprofiles).Sincedifferent
propcsalsintroducealternatve classificationspacesthey canbe
seenasdifferentclusteringof the samedataset.In conseuence,
a quantitatve bundle of quality metricscan be evaluatedfor this
classifierausingwell known conceps from clusteringtheory[11].

The metricsdescribedbelov have beenusedunderdifferent
clusteringconditionsin the experimentsdescribedn section5. In
somesenseall of themgive similarinformationaboutthe quality
of agivenclustering:the smallerthevalues the betterthe classifi-
cation.

M 1. Sumof the squarectlassificatiorerror.

N
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whereP arethe parametersf the stresggroupsbelongng to class
C;, and i; with 4 = 1..N. is the meanvalue vector represent-
ing Ci; N, is the numberof classes]|P — P'|| representshe
EuclideandistancebetweenvectorsP y P’ and measuresself-
similarity of the samplesn a sameclass.

M2: Intra-classsampledistance.
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andn;,i = 1..N. is the numberof elementsof the classC;. If
dist(P,P') = ||P — P'||> thenM2 = M1. As vectorsP y P’
arethecontrolpointsof two Bézierfunctions(se€[6]), we will use
the areadifferencebetweenBézierfunctionsasthe valuefor the
distance.
M3, M4: Scatteringneasures.
The scattematrix for clusterC; is computedas:
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Theintra-clusterscattermatrix would be computedas:
Ne
Sw = Z S: (5)
i=1

Theinter-clusterscattematrixis:



| PROPOSAL || #c | #ne || M1, | M2, | M3, | M4, |

| PROPOSAL || #c [ #ne || M1, | M2, | M3, | M4, |

Lopez || 36 36 || 0.241| 0.238| 0.705| 0.225 Lopez || 36 36 0.241| 0.238| 0.705| 0.225
Garrido || 288 | 181 || 0.366 | 0.339| 0.854| 0.350 Garrido || 288 | 36 0.348 | 0.311| 0.828| 0.325
Vallgjo || 240 | 141 || 0.286| 0.277| 0.767| 0.275 Vallgo || 240 | 36 || 0.278| 0.261| 0.751| 0.250
Alcoba || 200 | 116 || 0.267 | 0.271| 0.741| 0.250 Alcoba || 200 | 36 || 0.262| 0.260| 0.731| 0.250

Table 1. Comparatie resultsfor the four describednetricswhen
all the possibleclassesaretakeninto accoun. #. representshe
numberof classesnd#,. thenumberof non-empy classe$ound
from thecorpus.

Nc
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i=1

wherefi is themeanvectorover the setof samplesThetotal scat-
termatrix ST canbecompuedasSr = Sw + Ss.

To obtaina single scalarindicator of thesematriceswe con-
sideredthetraceandthedeterminaih Thetraceof Sy givesagain
M1. Fromthe determinantnen metricsareobtained:

M3 =|Sw|, M4=tr[S7'Sw] (7

5. RESULTSAND DISCUSSION

CorpuseESMA-UPC[12]wasusedto carry out all the exper
imentspresentedn this paper Although it hasnot beenspecifi-
cally designedfor intonationanalysis,the numberof samplesis
high enoughto obtainrepresetative results speciallyfor declara-
tive sentencesThat's why we have carriedout this studyonly for
this kind of sentencesfor which 4354 differentstressgroupsare
containedn the corpus.Shouldwe have at handa greatercorpus,
theresultscould be extendedandrehuilt immediately

For the first part of the experimen, a compaison of the four
intonationmodelswas carriedout evaluating the four metricsde-
scribedin section4 for the differentnumber of classesprescribed
by eachone.Thereferencepointfor eachmetricwasits valuefor a
one-clas<lustering,which comesto representhe worst possible
classificationstrateyy. Table 1 shaws the resultsfor this compar
ison. In this table,and in the two following ones,the following
notationwasused:#. representshe numberof classes#n,. the
numberof non empty classesand Mi,,i = 1..4 aretherelative
metricsusedto comparehepropcsals,in perunity scale As for ta-
blel, Mi, = (Miq — M4i)/Mio,i = 1..4 whereMi, represents
the value of metric M4 whenit is evaluatedover all the samples
of the corpus.This meansthat the higherthe value of M3,, the
greaterthequality of theclassificationsincetheserelative metrics
canbe interpretedasthe relative improvemen obtainedover the
all-in-one clusteringwhen a specificclassificationis chose. As
seenin theresults,Garridogivesa clearbetterresultthanthe rest
of the proposalsyhich shav similar behaiour.

Thenumbersn table 1 could alsosuggesthatthe resultsare
to bebetterthehigherthenumber of classesThus,we have carried
out an alternatve comparisorexperimert in which the total num-
ber of non empty classesvaskeptto a commonminimum value
of 36, givenby Lopez.To do this, aniterative meging procedure
wascarriedout. In eachstep,two classesverechoserandmeiged
into oneif the influenceof this memging on the valueof M1 was
the smallestpossibleone.Again, Mi, wasusedasa normalizing

Table 2. Comparatie resultsfor the four describedmetricswhen
the numberof classesis iteratively memgedto 36 asin Lopez.
Again, the higherthe valueof therelative metric M,, thegreater
theclusteringquality.

[ Proposal || #ne | M1, || M2, [ M3, [ M4, |
L opez 36 | 0.784 || 0.455| 0.999| 0.677
Garrido || 181 | 0.889| 0.601| 0.999| 0.846
Vallgjo || 141 | 0.888 | 0.607| 0.999| 0.828
Alcoba || 116 | 0.878|| 0.585| 0.999| 0.833

Table 3. Valuesof the four describednetricswhenthey arenor-
malizedagainsttheir expectedvaluesafter a K-meansclustering
with the numberof non-emptyclassedoundin tablel.

referencewith the samemeaningthanbefore.The resultsof this
secom comparisorare shovn in table2. Although the valuesof
themetricsarenow smaller the samecommentsapply: Garridois
still thebestalternatve.

Sincetheresultsin tables1 and 2 serne only to comparethe
clusteringquality of the differentpropcsalswith respectto each
other we thougtt it would also be interestingto getinformation
abou the, soto say absolutequality of eachpropasal. As an ap-
proximationto this question,we designeda final comparisonin
which all four proposalsverecomparedo acommongrourd clas-
sification, obtainedthrouch a classicalK-meansclusteringalgo-
rithm appliedto the numker of non-empy classegrescribedoy
eachpropasal. In this case the relative metricsshavn in table 3
give a measurejn partsof unity, of the improvemert thatwould
be necessaryvithin a given classificationproposalin orderto get
the ideal one. So, a relative value of 1 means'all improvement’
still to be madeand a value of 0 would mean’perfect K-means
classified’.More precisely Mi, = (Mi — Mi)/Mi,7 = 1.4,
whereM 7, is thevalueof metric M4 obtainedafteranautomatic
K-meansclusteringhasbeencarriedout with the samplesof the
corpus. The moststriking resultof table 3 is that no single pro-
posalis closeenoughto the optimal situation.All of themshav a
noticealte disagreemenwith theclassificatiorscenariahatwould
be expectedstartingfrom scratchandaddingno linguistic knowl-
edgeatall. Thisis speciallytrue for metric A3, which shouldbe
the mostdistinctive oneandis closeto 1 in all casesA difference
in therelative behaviour of M1 and M2 with respectto the one
foundin tablesl and2 is alsorepresentatie, sinceK-meansalgo-
rithm tendsto minimize M1 andfixesa referencefar awvay from
thevaluesobtainedin the proposectlassifications.

A commonsenseaeadingof theresultsin table3 couldbethat
a lot of simplificationis madein every proposalwith respectto
whatcanbe foundin realsamplesthereis muchmorebehaiour
scatteringhanexpected Furthermoreit could alsobearguedthat
abettermodelcanbeinferredfrom prosodiccorpusdataby trying
to find the numberand domainof possibleinfluencing prosodic




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

Table 4. RMSE and PearsorCorrelationcoeficients of the dis-

tancebetweeroriginal and syntheticFO contours.The latterwere
obtainedas the meanvalue of all the patternsin the classcorre-
spondng to a samestressgroup. In Test1, 75% of the corpus
samplesvereusedto getthe statisticalmodelsfor the FO contours
andtherest(25%) to run theregressiontest.In Test2, 100% of

the corpussamplesvereusedbothto build the modelsandto run

thetests.

factorswhich leadto a betterclusteringagreementvith realsam-
ples. Although therearestill no final resultsto be published,we
areworking in this directionatthe moment.

A final remarkaboutempty classeds suitableat this point.
Thefactthatwe have emptyclassess relatedto thefactthatsome
of the prosodc categoriesprescribedn the modelscorrespondo
highly infrequen stressgroups(like antepenltimate accentsin
Spanish).For TTS purposesthis can causeproblems since no
modelwould be obtainedn this casesthe only solutionbeingac-
quiring a specificandmorecompleteprosodiccorpus,which was
out of the scopeof this study

Although none of the propcsalsseemsto give the mostad-
equatesetof prosodc factors,we have incorporatedthe one by
Garrridoto our intonationmodelingprocedire for TTS, sinceit
givesthe bestoverall results.Preliminaryperceptuatestsshaved
that an intonationquality similar to othercommercialsystemss
obtainedTable5 shavs theresultsof the corvertional RMSE and
Pearsorcorrelationtestsappliedto our TTS systemwhenintona-
tion modelingis carriedout in termsof stressgroupunitsandthe
classificatiomproposedyy Garrido.

6. CONCLUSIONS

In the framework of anintonationmodelingprocedue previ-
ously introducedby the authors,a methodto quantitatvely eval-
uategiven setsof prosodicfactorshasbeendescribedBy means
of four metricscommonly usedfor clusteringquality assessment,
four differentintonationmodelingproposds for Spanisthave been
evaluated The bestof theseproposalshasbeenincorporatednto
the ProsodicKnowled@ moduleof our TTS platformandits qual-
ity hasthusbeenincreased.

Neverthelesstherearetwo reasonsvhy the resultspresented
here cannotbe interpretedas a ranking of the four studiedmod-
els.First, a particularinterpretationvas necessaryn orderto ad-
equatethreeof themto our modelingframevork. Secondthere-
sultsareobtainedwith a particularprosodiccorpuswhich adequa
cy for prosodicstudiesstill hasto be revised.In orderto have a
definitive rankingof themodels,it would be necessaryo designa
specificprosodiccorpuswhereall the possibleclassegoreseerin
the proposés would be equallybalanced.

Finally, our statisticaimodelingtechniqueof thecontrolpoints
of the Bézierfunction that closelyapproiimatesthe stressgroup,
takenasthe basicbuilding block of intonation,bringswaysto ob-
jectively evaluatetheinfluenceof prosodc factors Thisopers new
possibilitiesfor the automaticextraction of prosodicknowledge
from corporaand brings a possiblecommonframevork both for

TTS applicationsand prosodc aided Automatic SpeechUnder
standing
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