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ABSTRACT

This paperdealswith an approach to AutomaticLan-
guageIdentificationbasedonrhythmicmodelingandvowel
systemmodeling. Experimentsareperformedonreadspeech
for 5Europeanlanguages.Theyshowthatrhythmandstress
maybeautomaticallyextractedandarerelevantin language
identification:usingcross-validation,78%of correct iden-
tificationis reachedwith21s. utterances.TheVowelSystem
Modeling, testedin thesameconditions(cross-validation),
is efficientandresultsin a 70%of correct identificationfor
the21 s. utterances.Last,merging thetwo modelsslightly
improvestheresults.

1. INTRODUCTION

Duringthelastdecade,therequestfor AutomaticLanguage
Identification(ALI) systemshasarisenin several fields of
application,andespeciallyin Computer-AssistedCommu-
nication(e.g. Emergency Service)andMultilingual Man-
ComputerInterfaces(e.g. Interactive Information Termi-
nal). More recently, content-basedindexing of multime-
dia or audiodatahasprovided a new topic in which ALI
systemsmaybeuseful. However, currentALI systemsare
still not efficient enoughto beusedin a commercialframe-
work. In the standardup to dateapproach,sequencesof
phoneticunits (provided by a phoneticmodelingsystem)
aredecodedaccordingto language-specificstatisticalgram-
mars[1]. This approach,initiated at the beginning of the
90s,is still themostefficient one. However, only marginal
improvementshave beenperformedfor five years,and it
seemscrucialto proposenew approaches.In this paper, we
investigatetheway to explicitly takephoneticsinto account
andto take advantagefrom alternative featuresalsopresent
in thesignal:prosodicfeatures,andespeciallyrhythmicfea-
tures,areknown to carrya substantialpartof the language
identity (Section2). However, their modeling is still an
openproblem,mostlybecauseof thenatureof theprosodic
features.To addressthisproblem,analgorithmof language
independentextractionof rhythmicfeaturesis proposedand
appliedto modelrhythm(Section3). This algorithm,cou-
pled with a Vowel SystemModel (VSM) is testedon the

five languagesof the MULTEXT corpusin section4. The
relevanceof the rhythmicparametersandthe efficiency of
eachsystem(RhythmicModel andVowel SystemModel)
areevaluated.Furthermore,thepossibilityof mergingthese
two approachesis addressed.

2. MOTIVATIONS

2.1. Relevancy of Rhythm

Rhythmis a characteristicof languagethatis critical in dif-
ferentactivities relatedto language(e.g.child languageac-
quisition, languagesynthesis),and especiallyin both hu-
man and computerlanguageidentification. Among oth-
ers,Thymé-GobbelandHutchingspointout theimportance
of prosodicinformationin languageidentificationsystems
[2]. With parametersrelatedto rhythmandbasedon sylla-
ble timing, syllableduration,anddescriptorsof amplitude
patterns,they have obtainedpromisingresults,andproved
thatmereprosodiccuescandistinguishbetweensomelan-
guagepair with resultscomparableto somenon-prosodic
systems.Ramuset al. [3] show that newborn infantsare
sensitive to the rhythmic propertiesof languages. Other
experimentsbasedon a consonant/vowel segmentationof
eight languagesestablishedthat derived parametersmight
be relevant to classify languagesaccordingto their rhyth-
mic properties[4].

2.2. Classifying languages according to rhythm

Experimentsreportedherefocuson 5 Europeanlanguages
(English,French,German,SpanishandItalian). According
to the literature,French,SpanishandItalian are“syllable-
timed” while EnglishandGermanare“stress-timed”.These
two categoriesemergedfrom thetheoryof isochrony intro-
ducedby Pike anddevelopedby Abercrombie[5]. How-
ever, morerecentworks basedon the measurementof the
duration of inter-stressintervals in both stress-timedand
syllable-timedlanguagesprovide analternative framework
in which thesetwo binarycategoriesarereplacedby a con-
tinuum [6]. Rhythmic differencesbetweenlanguagesare



thenmostly relatedto their syllablestructureandthepres-
ence(or absence)of vowel reduction.Thecontroversieson
the statusof rhythm in world languagesillustratedramati-
cally thedifficulty to segmentspeechinto correctrhythmic
units.Evenif correlatesbetweenspeechsignalandlinguis-
tic rhythm exist, reachinga relevant representationseems
difficult. Anotherdifficulty risesfrom the selectionof an
efficient modelingparadigm.We developherea statistical
approach,first introducedin [7] andnow improvedby con-
sideringstressfeatures(

���
andEnergy). It is basedon a

Gaussianmodelingof thedifferent“rhythm units” automat-
ically extractedfrom a rhythmic segmentationin the lan-
guages.

3. DESCRIPTION OF THE SYSTEM

A synopsisis displayedin Figure1. A languageindepen-
dentvoweldetectionalgorithmis appliedto labelthespeech
signal in Silence/NonVowel/Vowel segments. Afterward,
computationof cepstralcoefficientsfor thevowel segments
leadsto language-specificVowel SystemModels (VSM),
while therhythmicpatternderivedfrom thesegmentationis
usedto modeltherhythmof eachlanguage.

3.1. The Vowel/Non Vowel segmentation algorithm

Thisalgorithm,basedonaspectralanalysisof thesignal,is
describedin [8]. It is appliedin a languageandspeaker in-
dependentway without any manualadaptationphase.This
processingprovidesa segmentationof thespeechsignalin
pause,non-vowel andvowel segments.Dueto theintrinsic
propertiesof thealgorithm(andespeciallythefactthattran-
sientandsteadypartsof aphonememaybeseparated),it is
somewhatincorrectto considerthatthissegmentationis ex-
actly a Consonant/Vowel segmentation.However, it is un-
doubtedlycorrelatedto therhythmicstructureof thespeech
sound,andin this paper, we investigatetheassumptionthat
this correlationenablesa statisticalmodel to discriminate
languagesaccordingto their rhythmicstructure.

3.2. Vowel System Modeling

Eachvowel segment is representedwith a set of 8 Mel-
Frequency CepstralCoefficients and 8 delta-MFCC,aug-
mentedwith the Energy anddeltaEnergy of the segment.
This parametervectoris extendedwith the durationof the
underlyingsegmentproviding a 19-coefficientvector.

Figure1 - Synopsisof thesystemfor N languages.

A cepstralsubtractionperformsboth blind removal of
the channeleffect and speaker normalization. For each
recordingsentence,theaverageMFCC vectoris computed
andsubtractedfrom eachcoefficient. For eachlanguage,a
GaussianMixture Model (GMM) is trainedusingthe EM
algorithm.Thenumberof componentsof themodelis com-
putedusing the LBG-Rissanenalgorithm [9]. During the
test,thedecisionlaysonaMaximumLikelihoodprocedure.

3.3. Rhythm Modeling

3.3.1. Rhythmicunits

Syllablemaybea first-ratecandidatefor rhythmmodeling.
Unfortunately, segmentingspeechin syllablesis typically
a language-specificmechanismandthusno languageinde-
pendentalgorithmcanbe derived. For this reason,we in-
troducedin [7] thenotionof pseudo-syllablesderivedfrom
themostfrequentsyllablestructurein theworld,namelythe
CV structure[10]. In thealgorithm,speechsignalis parsed
in patternsmatchingthestructure:.CnV. (wheren is an in-
tegerthatmaybezeroandV mayresultfrom themergingof
consecutivevowel segments).For example,if thevowel de-
tectionalgorithmresultsin thesequence(CCVVCCVCVC-
CCVCVCCC), it is parsedin the following sequenceof 5
pseudo-syllables:(CCV.CCV.CV.CCCV.CV)



3.3.2. Pseudo-syllabledescription

For eachpseudo-syllable,threeparametersarecomputed,
correspondingrespectively to the total consonantcluster
duration, the total vowel duration and the complexity of
the consonantalcluster. For example, the descriptionfor
a .CCV. pseudo-sequenceis:

��� �	��
������������
������
where

� �
is the total durationof the consonantalseg-

ments,
� 


is the durationof the vowel segmentand
� �

is thenumberof segmentsin theconsonantalcluster(here,���
= 2). Additionally, two parametersrelatedto thestress

structureof the language(
���

and Energy in dB, normal-
izedamongthesentence)arealsoconsidered.Ourhypothe-
sisis thattheseparametersmayimprovethediscrimination
of stress-timedlanguages.Sucha basicrhythmic parsing
is obviously limited, but it providesa framework to model
rhythm that requiresno knowledgeon the languagerhyth-
mic structure

3.3.3. StatisticalRhythmmodeling

For eachlanguage,a GMM is trained,eitherby usingthe
standardLBG algorithmor theLBG-Rissanenalgorithmto
providetheoptimalnumberof Gaussiancomponents.

4. EXPERIMENTS

4.1. Corpus

Experimentsareperformedon the MULTEXT corpus[1].
This databasecontainsrecordingsfrom five Europeanlan-
guages(English,French,German,ItalianandSpanish),pro-
nouncedby 50 different speakers (5 male and 5 female
per language). Data consist of read passagesof about
five sentencesextractedfrom the EUROM1 speechcorpus
(the meandurationof eachpassageis 20.8seconds).The
raw pitch contourof the signal is also available. A lim-
itation is that the sametexts are producedon averageby
3.75 speakers, resulting in a possiblepartial text depen-
dency of themodels.Dueto thelimited sizeof thecorpus,
languageidentificationexperimentsareperformedusinga
cross-validationprocedure:9 speakersareusedfor training
the modelsof one languageand the tenthspeaker is used
for test.This procedureis iteratedfor eachspeaker, andfor
eachlanguage.

4.2. Rhythm Modeling

Table 1 summarizesthe experimentsperformedwith the
rhythmparameters.The identificationscoresdisplayedare
averagedamongseveralGMM topologiesandobtainedus-
ing the whole durationof the testexcerpts(about21 sec-
onds).

Table1 - Resultsin cross-validationexperimentswith
rhythmmodeling.

Parameters MeanIdentificationRate��

+
���

64.8%��

+
���

+
���

70.0%� 

+
� �

+
� �

+ � 75.0%��

+
���

+
���

+ � +
���

69.4%

The useof durationparameters
��


and
���

resultsin
a 64.8 % of correct identification. The useof additional
parametersrelatedto thecomplexity of thepseudo-syllable
structure(

� �
) andto thestress( � ) significantlyimproves

theresults,reaching75 % of correctidentification.In con-
trast,

� �
doesnot improve theresults.This resultmaysig-

nify that a static value of
� �

per pseudo-syllable,even if
it is normalized,is not significantenoughto be useful. In
anotherexperiment(seeFigure2), influenceof durationof
testexcerptsis tested. Modeling is performedin the four
dimensionspace(

��

+
���

+
���

+ � ) which is themost
efficient.

Figure2 - CorrectIdentificationratein functionof duration
of testexcerpts(RhythmModel).

Unsurprisingly, identificationrateincreaseswith testex-
cerptdurationto reachabout78% with 21s. However, even
with short testutterances(lessthan ten pseudo-syllables),
resultsaremuchmorethanchance.Furthermore,usingonly
thefirst pseudo-syllableof thesentenceresultsin a 37% of
correctidentification(to becomparedto chance:20 %).



Figure3 - CorrectIdentificationratein functionof duration
of testexcerpts(Vowel SystemModel).

4.3. Vowel System Modeling

As shown in Figure3, theVowel systemmodelingapproach
is efficient with the MULTEXT corpus. An identification
level of 42% is reachedwith 1 secondof signal.Increasing
durationof testutterancesallows reaching70 % of correct
identificationfor 21 seconds.

Figure4 - BestCorrectIdentificationratefor VSM,
Rhythmmodel,andmergingof theapproaches.

4.4. Integrating Rhythm and Segmental Modeling

A simplestatisticalmergingis performedby addingthelog-
likelihoodsof boththeRhythmmodelandtheVSM for each
language.The scoresobtainedwith 21secondsutterances
aredisplayedin Figure4. Merging the two approachesal-
lows to reach83 % of correctidentification.

5. DISCUSSION

We proposein this papertwo algorithmsdedicatedto auto-
maticlanguageidentification.Experiments,performedwith
cross-validation,show that it is possibleto achieve aneffi-
cient rhythmic modeling(78% of correctidentification)in
a way that requiresno a priori knowledgeof the rhythmic
structureof the processedlanguages.Besides,the Vowel
SystemModel reaches70 % of correctidentification.With

thesereaddata,merging the two approachesimprovesthe
identificationrateup to 83%.
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