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ABSTRACT

This paperdealswith an appmoadc to AutomaticLan-
guage Identificationbasedon rhythmicmodelingandvowel
systermodeling Experimentsre performednreadspeeb
for 5 Europeananguages. They showthatrhythmandstress
maybeautomaticallyextractedandarerelevantin language
identification: usingcross-validation,78% of correctiden-
tificationis reacdhedwith 21 s. utterances.TheVowelSystem
Modeling testedin the sameconditions(cross-validation),
is efficientandresultsin a 70% of correctidentificationfor
the 21 s. utterances.Last, meging the two modelsslightly
improvestheresults.

1. INTRODUCTION

Duringthelastdecadetherequesfor AutomaticLanguage
Identification(ALI) systemshasarisenin severalfields of
application,and especiallyin ComputerAssistedCommu-
nication (e.g. Emegeng Service)and Multilingual Man-
Computerinterfaces(e.g. Interactive Information Termi-
nal). More recently content-basedndexing of multime-
dia or audio datahasprovided a new topic in which ALI
systemamay be useful. However, currentALl systemsare
still not efficientenoughto be usedin acommerciafframe-
work. In the standardup to date approach sequencesf
phoneticunits (provided by a phoneticmodeling system)
aredecodedaccordingo language-specifistatisticalgram-
mars[1]. This approachijnitiated at the beginning of the
90s,is still the mostefficient one. However, only mamginal
improvementshave beenperformedfor five years,and it
seemgrucialto proposenew approachesn this paperwe
investigateheway to explicitly take phoneticdnto account
andto take advantaggrom alternatve featuresalsopresent
in thesignal: prosodicfeaturesandespeciallyhythmicfea-
tures,areknown to carry a substantiapart of the language
identity (Section2). However, their modelingis still an
openproblem,mostly becausef the natureof the prosodic
features.To addresshis problem,analgorithmof language
independengxtractionof rhythmicfeaturess proposedaind
appliedto modelrhythm (Section3). This algorithm,cou-
pled with a Vowel SystemModel (VSM) is testedon the

five language®f the MULTEXT corpusin section4. The
relevanceof the rhythmic parameterandthe efficiency of

eachsystem(Rhythmic Model and Vowel SystemModel)

areevaluated Furthermorethepossibilityof memgingthese
two approachess addressed.

2. MOTIVATIONS

2.1. Relevancy of Rhythm

Rhythmis a characteristiof languagehatis critical in dif-
ferentactuities relatedto languag€e.g. child languageac-
quisition, languagesynthesis),and especiallyin both hu-
man and computerlanguageidentification. Among oth-
ers, Thymé-GobbeblndHutchingspoint outtheimportance
of prosodicinformationin languagedentificationsystems
[2]. With parameterselatedto rhythmandbasedon sylla-
ble timing, syllable duration,and descriptorsof amplitude
patternsthey have obtainedpromisingresults,andproved
thatmereprosodiccuescandistinguishbetweensomelan-
guagepair with resultscomparableto somenon-prosodic
systems. Ramuset al. [3] showv that newborn infantsare
sensitve to the rhythmic propertiesof languages. Other
experimentsbasedon a consonant/ewel segmentationof
eight languagesstablishedhat derived parametersnight
be relevant to classify languagesaccordingto their rhyth-
mic propertieq4].

2.2. Classifying languages according to rhythm

Experimentgeportedherefocuson 5 Europeananguages
(English,French,German Spanishandltalian). According
to the literature,French,Spanishand Italian are “syllable-
timed” while EnglishandGermarare“stress-timed”.These
two catgyoriesemepgedfrom the theoryof isochrory intro-
ducedby Pike and developedby Abercrombie[5]. How-
ever, morerecentworks basedon the measurementf the
duration of inter-stressintervals in both stress-timedand
syllable-timedlanguagegprovide an alternatve frameawork
in which thesetwo binary cateyoriesarereplacedoy acon-
tinuum [6]. Rhythmic differencesbetweenlanguagesare



thenmostly relatedto their syllable structureandthe pres-
ence(or absencedf vowel reduction.The controversieson

the statusof rhythmin world languagesdllustrate dramati-
cally thedifficulty to segmentspeecthinto correctrhythmic

units. Evenif correlatedbetweerspeectsignalandlinguis-

tic rhythm exist, reachinga relevant representatiorseems
difficult. Anotherdifficulty risesfrom the selectionof an

efficient modelingparadigm.We develop herea statistical
approachfirstintroducedn [7] andnow improvedby con-

sideringstressfeatures(F, and Enegy). It is basedon a

Gaussiaimmodelingof thedifferent“rhythm units” automat-
ically extractedfrom a rhythmic segmentationin the lan-

guages.

3. DESCRIPTION OF THE SYSTEM

A synopsisis displayedin Figurel. A languagendepen-
dentvowel detectioralgorithmis appliedto labelthespeech
signalin Silence/NonVowel/Vowel segments. Afterward,
computatiorof cepstrakoeficientsfor the vowel sggments
leadsto language-specifivowel SystemModels (VSM),
while therhythmicpatternderivedfrom the sggmentatioris
usedto modeltherhythmof eachlanguage.

3.1. TheVowel/Non Vowel segmentation algorithm

This algorithm,basedn a spectralnalysisof the signal,is
describedn [8]. It is appliedin alanguageandspealerin-
dependentvay without any manualadaptatiorphase.This
processingrovidesa segmentationof the speectsignalin
pausenon-vowel andvowel sggments.Dueto theintrinsic
propertieof thealgorithm(andespecialljthefactthattran-
sientandsteadypartsof a phonemanaybe separated)t is
somavhatincorrectto considetthatthis segmentatioris ex-
actly a Consonant/gwel segmentation.However, it is un-
doubtedlycorrelatedo therhythmicstructureof thespeech
sound,andin this paperwe investigatehe assumptiorthat
this correlationenablesa statisticalmodelto discriminate
languagesiccordingto their rhythmicstructure.

3.2. Vowel System Modeling

Eachvowel sgmentis representedvith a setof 8 Mel-
Frequeng CepstralCoeficients and 8 delta-MFCC,aug-
mentedwith the Enegy and deltaEnegy of the sggment.
This parametewnectoris extendedwith the durationof the
underlyingsegmentproviding a 19-coeficientvector
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Figurel - Synopsisof thesystemfor N languages.

A cepstralsubtractionperformsboth blind removal of
the channeleffect and spealer normalization. For each
recordingsentencethe averageMFCC vectoris computed
andsubtractedrom eachcoeficient. For eachlanguagea
GaussiarMixture Model (GMM) is trainedusingthe EM
algorithm. Thenumberof componentsf themodelis com-
putedusing the LBG-Rissaneralgorithm[9]. During the
test,thedecisionlaysonaMaximumLik elihoodprocedure.

3.3. Rhythm Modeling
3.3.1. Rhythmiaunits

Syllablemay bea first-ratecandidatdor rhythmmodeling.
Unfortunately segmentingspeechin syllablesis typically

alanguage-specifimechanisnandthusno languagende-
pendentalgorithmcanbe derived. For this reasonwe in-

troducedin [7] the notion of pseudo-syllablederivedfrom

themostfrequentsyllablestructuren theworld, namelythe
CV structurg]10]. In thealgorithm,speectsignalis parsed
in patterngmatchingthe structure:.CnV. (wheren is anin-

tegerthatmaybezeroandV mayresultfrom themeging of

consecutie vowel segments) For example if thevowel de-
tectionalgorithmresultsin thesequencéCCVVCCVCVC-

CCVCVCCQ),it is parsedin the following sequencef 5

pseudo-syllablefCCV.CCV.CV.CCC\.CV)



3.3.2. Pseudo-syllablelescription

For eachpseudo-syllablethree parametersare computed,
correspondingrespectiely to the total consonantcluster
duration, the total vowel duration and the compleity of

the consonantatluster For example,the descriptionfor

a.CCV. pseudo-sequendgs:

Pccoy. ={D¢c Dy N¢}

where D is the total durationof the consonantaseg-
ments, Dy is the durationof the vowel sggmentand N¢o
is the numberof segmentsin the consonantatluster(here,
N¢ = 2). Additionally, two parameterselatedto the stress
structureof the language(Fy and Enegy in dB, normal-
izedamongthe sentencegrealsoconsideredOur hypothe-
sisis thattheseparametersnayimprove thediscrimination
of stress-timedanguages.Sucha basicrhythmic parsing
is obviously limited, but it providesa framavork to model
rhythm thatrequiresno knowledgeon the languagerhyth-
mic structure

3.3.3. StatisticalRhythmmodeling

For eachlanguagea GMM is trained, either by usingthe
standard_BG algorithmor the LBG-Rissaneralgorithmto
provide the optimalnumberof Gaussiartomponents.

4. EXPERIMENTS

4.1. Corpus

Experimentsare performedon the MULTEXT corpus|[1].

This databaseontainsrecordingsfrom five Europearian-

guagegEnglish,FrenchGerman]talianandSpanish)pro-

nouncedby 50 different spealers (5 male and 5 female
per language). Data consistof read passage®of about
five sentencesxtractedfrom the EUROM1 speechcorpus
(the meandurationof eachpassagés 20.8 seconds).The
raw pitch contourof the signalis also available. A lim-

itation is that the sametexts are producedon averageby

3.75 spealers, resultingin a possiblepartial text depen-
deng of the models.Dueto the limited size of the corpus,
languagedentificationexperimentsare performedusing a
cross-alidationprocedure9 spealersareusedfor training
the modelsof one languageand the tenth spealer is used
for test. This proceduras iteratedfor eachspealer, andfor

eachlanguage.

4.2. Rhythm Modeling

Table 1 summarizeghe experimentsperformedwith the
rhythm parametersTheidentificationscoresdisplayedare
averagedamongseveral GMM topologiesandobtainedus-
ing the whole durationof the testexcerpts(about21 sec-
onds).

Tablel - Resultsin cross-alidationexperimentswith
rhythmmodeling.

Parameters MeanldentificationRate
Dy + D¢ 64.8%
Dy + D¢ + N 70.0%
Dy +Dg+Ng+FE 75.0%
Dy +Dg + Nog+ E + Fy 69.4%

The useof durationparameterd)y and D¢ resultsin
a 64.8 % of correctidentification. The use of additional
parameterselatedto the complexity of the pseudo-syllable
structure(N¢) andto the stresg(F) significantlyimproves
theresults,reaching75 % of correctidentification.In con-
trast, Fy doesnotimprove the results. This resultmay sig-
nify that a static value of Fy per pseudo-syllablegven if
it is normalized,is not significantenoughto be useful. In
anotherexperiment(seeFigure2), influenceof durationof
testexcerptsis tested. Modeling is performedin the four
dimensionspace(Dy + Do + N¢o + E) which is the most
efficient.

Rhythm Model (Cross-validation)
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Figure?2 - Correctldentificationratein functionof duration
of testexcerpts(RhythmModel).

Unsurprisinglyidentificationrateincreasesvith testex-
cerptdurationto reachabout78% with 21 s. However, even
with shorttest utteranceglessthanten pseudo-syllables),
resultsaremuchmorethanchance Furthermoreusingonly
thefirst pseudo-syllablef the sentenceesultsin a 37 % of
correctidentification(to becomparedo chance20 %).



Vowel System Model (Cross Validation)
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Figure3 - Correctldentificationratein functionof duration
of testexcerpts(Vowel SystemModel).

4.3. Vowel System Modeling

As shovnin Figure3, theVowel systenmodelingapproach
is efficient with the MULTEXT corpus. An identification
level of 42 % is reachedwith 1 secondf signal.Increasing
durationof testutterancesllows reaching70 % of correct
identificationfor 21 seconds.
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Figure4 - BestCorrectldentificationratefor VSM,
Rhythmmodel,andmeming of theapproaches.

4.4. Integrating Rhythm and Segmental M odeling

A simplestatisticaimemingis performecby addingthelog-
likelihoodsof boththeRhythmmodelandtheVSM for each
language. The scoresobtainedwith 21secondsitterances
aredisplayedin Figure4. Merging the two approachesil-
lowsto reach83 % of correctidentification.

5. DISCUSSION

We proposein this papertwo algorithmsdedicatedo auto-
maticlanguagedentification.Experimentsperformedwith
cross-alidation,show thatit is possibleto achieve an effi-
cientrhythmic modeling(78% of correctidentification)in
a way thatrequiresno a priori knowledgeof the rhythmic
structureof the processedanguages.Besides the Vowel
SystemModel reaches’0 % of correctidentification. With

thesereaddata,meming the two approachesmprovesthe
identificationrateup to 83 %.

6. ACKNOWLEDGEMENTS

This researchis supportedoy the EMERGENCEprogram
of the Région Rhne-Alpesand the FrenchMinistre de la
Redterche (programACI JeunesChercheurs).

7. REFERENCES

[1] ZzissmanM. A., Berkling, K. M., Automaticlanguage
identification SpeechCommunicationyol. 35,no.1-
2,pp.115-1242001.

[2] Thymé-GobbelA., andHutchins,S.E., Prosodicfea-
turesin automaticlanguage identificationreflectlan-
guage typolagy, Proc. of ICPhS99, San Francisco,
1999.

[3] Ramus,F., Hauser M. D., Miller, C., Morris, D. and
Mehler, J., Languaye discriminationby humannew-
borns and by cotton-toptamarin monleys, Science,
288,349-351,2000.

[4] RamusF., NesporM., & Mehler, J.,Correlatesof lin-
guisticrhythmin the speet signal, Cognition,73(3),
265-292,1999.

[5] AbercrombieD., Elementf GeneralPhoneticsEd-
inburgh University PressEdinburgh, 1967.

[6] Dauer R. M., Stress-timingand syllable-timingrean-
alyzed Journalof Phonetics11:51-62,1983.

[7] Farinas, J. and Pellggrino, F., Automatic Rhythm
Modeling for Language Identification Proc. Of Eu-
rospeectscandingia 01, Aalborg, 2001.

[8] Pellagrino, F., and André-Obrecht,R., An Unsuper
vised Approac to Language Identification Proc. of
ICASSP99Phoenix,1999.

[9] Pellgrino, F. andAndré-ObrechtR., AutomaticLan-
guage Identification: an AlternativeApproac to Pho-
neticModeling SignalProcessing30, 2000.

[10] Vallée,N., Bo,L.J.,Maddieson]. andRoussetl|., Des
lexiqguesaux syllabesdeslanguesdu monde: Typolo-
giesetstructues Proc.of JEP2000,Aussois,2000.

[11] CampioneE.,andVéronisJ.,Amultilingual prosodic
databaseProc.of ICSLP’98,Sidney, 1998.



