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Abstract

Most state-of-theart automaticlanguageidentificationsystems
arebasedon phonotacticinformation,i.e. languagesareidenti-
fied on thebasisof probabilitiesof phonesequencesextracted
from theacousticsignal.Thisapproachignoresthepotentialad-
vantagesto begainedfrom aricherrepresentationof theacous-
tic signalin termsof parallelstreamsof subphonemicevents.In
thispaperwedevelopanalternativeapproachto languageiden-
tification which is basedon parallel streamsof phoneticfea-
turesandsparsemodelingof statisticaldependenciesbetween
thesestreams.We presentresultson theOGI-TSdatabaseand
show that the feature-basedsystemoutperformsa comparable
phone-basedsystemsignificantlywhile usingfewerparameters.
Moreover, the feature-basedsystemexhibits a markedly better
performanceon very shorttestsignals( � 3 seconds).Thethe-
oreticalapproachdevelopedhereis of significancenot only for
languageidentificationbut alsofor relatedwork in pronuncia-
tion modeling.

1. Intr oduction
A recenttrendin speechtechnologyis therapidlygrowing need
for multilingual speechprocessingsystems. Automatic lan-
guageidentification(LID) is an integral part of suchsystems
andthereforecontinuesto attractmuchattentionfrom the re-
searchcommunity. Oneof themostimportantproblems,partic-
ularly for embeddedspeechapplications,is thedevelopmentof
algorithmsfor fastlanguageidentificationusingvery shorttest
signals.Most currentLID systemscontinueto usethephono-
tactic approachdevelopedover the pastdecade(e.g.[7,8, 9]).
Under this approach,sequencesof phonesareextractedfrom
the speechsignal using standardacousticfront ends,suchas
hiddenMarkov models(HMMs). Thesephonesequencesare
then rescoredby language-specificstatisticaln-grammodels.
Language-discriminatinginformationis thusassumedto been-
codedprimarily in the statisticalpatternsphonesequencesin
different languages.Oneof the drawbacksof this approachis
theproblemof unseenphonecontexts in thetestdata,e.g.when
applyingasystemtrainedonreadspeechto spontaneousspeech
[10]. Moreover, phone-basedsystemsneeda fairly large n-
gramcontext for accurateLID, which is why a they deteriorate
rapidlyon shorttestsignals(lessthan10seconds).

More powerful modeling schemesare conceivable, in
particular modelswhich employ multiple sequencesof sub-
phonemiceventssuchasarticulatoryor phoneticfeatureslike
vocalic, nasal, voiced, etc. In the field of automaticspeech
recognition,suchmodelshave recentlyregainedattention[1,
2, 3, 4]. As we will describein greaterdetail below, a multi-
ple phoneticfeaturestreamapproachmight alsobe of benefit

for languageidentification.In particular, improvementsmaybe
expectedwith respectto theamountof trainingmaterialneeded
to train or to adapta LID systemto new languages,the length
of theacoustictestsignal,memoryrequirementsandaccuracy.
In the following sectionwe will describethe basic theoreti-
cal model of the new approachand contrastit with the stan-
dardphone-basedmodel. In Section3 we describethe corpus
usedfor the presentstudy and our baselinephone-basedand
feature-basedLID systems.Section4 discussesexperimentson
feature-streamselectionandscorecombination.In Section5 we
addresstheissueof modelingstatisticaldependenciesbetween
differentstreamsof phoneticfeatures.Experimentalresultsand
conclusionsarearegivenin Sections6 and7, respectively.

2. A Feature-BasedApproachto Language
Identification

Thestandardphone-basedapproachto LID assumesthatmost
of the language-discriminatinginformationis containedin the
statisticalregularitiesgoverning phonesequencesin different
languages.To modelthiseffect,anacousticfront end,typically
consistingof phoneHMMs, is usedto maptheacousticsignalto
a sequenceof phonesymbols.This front endcanbelanguage-
independent,i.e. trainedon datafrom all languagesin thesys-
tem, or language-dependent,in which casedifferent acoustic
modelsare trainedfor eachlanguage.Throughoutthis paper
we will uselanguage-independentacousticmodelsfor boththe
phone-basedandthefeature-basedLID systems.Themodelse-
quencesobtainedthroughrecognitionusingthe acousticmod-
elsarethenusedto train language-specificn-grammodels.For
languageidentification,all n-grammodelsareappliedto agiven
testsequenceandthelanguagecorrespondingto n-grammodel
thatassignsthehighestprobability to thesequenceis assumed
to be the true language. This decisionrule can be described
formally as ��� ���
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Typically, smoothedbigramsor trigramsare usedas n-gram
models.

Underthenew feature-basedapproachmultipleparallelse-
quencesof phoneticfeaturesareextractedfrom thesignal.Pho-
neticfeaturesareabstractclasseslooselyrelatedto articulatory



properties,suchasvoiced, vowel, nasal, rounded, etc.They can
begroupedinto subsetsdependingon their possibilitiesof co-
occurrence:all featureswhich mutuallyexcludeeachotherare
assignedto thesamegroup. Thus,featuresdescribingvoicing
form a subset,asdo featuresdescribingmannerof articulation,
placeof articulation,etc. Thesesubsetsimplicitly identify par-
tially independentdimensionsof articulation.

For eachfeaturea statisticalacousticmodel is built, anal-
ogousto acousticphonemodels.Acousticdecodingis carried
out for eachfeaturegroupindependently, yielding parallelpho-
netic featurestreams. For eachfeaturestream,an individual
featuren-grammodelis estimated.During testing,theprepro-
cessedsignalis thuspassedthroughabankof featurerecogniz-
ers,followedby featuren-gramswhich computetheprobabili-
tiesof theeachfeaturestreamgiven the language.The result-
ing stream-specificscoresarecombinedto provide the overall
LID score. Analogousto the n-gramprobability of a phone
sequence,the probability of a featurestream 9 �;: � �"!#!$! : &
given a language

�
, ��� 9 ' �*) , is definedasthe productof the

conditionalprobabilitiesof thecurrentfeaturegiventhen-gram
context:
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where B is somecombinationfunction. Thebestlanguagehy-
pothesisis thenidentifiedby themaximumscore:� � �F��	���
������G��� 9 �?��!$!#!#� 9A@ ' �*) (5)

A simplecombinationfunction, which we usein our baseline
feature-basedsystem,is theproductof the individidual feature
streamscores:
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It shouldbe noted that this model might have limitations in
thatall featurestreamsareassumedto beindependentgiventhe
language.We will addresstheproblemof incorporatingcross-
streamdependency modelingbelow.

Thefeature-basedapproachhasa rangeof potentialadvan-
tages:First,thenumberof featureclassesin any givenlanguage
is typically muchsmallerthanthenumberof phoneclasses;in
fact, approximately30 phoneticfeaturessuffice to encodeall
phonesin the world’s languages.Training data for phonetic
featurescanbesharedacrossphones,leadingto a largernum-
ber of training samplesper class. Featuren-grammodelsand
acousticmodelscanthereforebetrainedmorerobustly thanthe
correspondingphonemodels.Moreover, theoverall numberof
models(andthereforethenumberof parametersin thesystem)
is reduced.

Second,the language-independentnatureof phoneticfea-
turesenhancestheportability of a feature-basedLID systemto
new languagesor dialects.Whereasphone-basedsystemsoften
strugglewith theproblemof unseenphonesor phonesequences
whenconfrontedwith new data,the potentialrangeof unseen
featurecontexts is muchsmaller.

Third, a largepartof cross-linguisticvariationarisesfrom
differencesin articulatory timing, e.g. different degrees of

vowel nasalizationor aspiratedvs. unaspiratedplosives. Such
phenomenamay have language-differentiatingpotential. In a
phone-basedsystem,however, they can only be modelledat
theexpenseof creatingadditionalphonemodels(e.g.for nasal-
ized vs. non-nasalizedvowels), therebyenlarging the number
of parametersto betrained.This typeof variationcanbemod-
elled moreadequatelywhenphonesarerepresentedassetsof
phoneticfeatures: characteristicshifts in articulatory timing
canbeexpressedaschangesto thestatisticaldependenciesbe-
tweenfeaturesin differentstreams,without having to enlarge
themodelinventory. A further, relatedadvantageis thatshorter
testsignalsmight be neededto for accuratelanguageidentifi-
cationsincesubphonemiccontexts canbeexploitedmorethor-
oughly.

3. Corpusand BaselineSystems
For the experimentsdescribedin the presentstudywe usethe
OGI-TScorpus[5] of multilingual telephonespeech.Thetrain-
ing, developmentandevaluationsetdefinitionsaretheoneses-
tablishedin [6]. The setscontain4650, 1898 and 1848 files
for training,developmentandevaluation,respectively, with ap-
proximately the samenumberof files for eachof ten differ-
ent languages(English,Farsi, French,German,Japanese,Ko-
rean,Mandarin,Spanish,Tamil, and Vietnamese).It should
bepointedout that this datadiffers from mostOGI-TSsubsets
usedfor previousstudieson languageidentificationin thatvery
shortsignals( � 3 seconds)areincluded,whereasmostprevi-
ousevaluationsetdefinitions(e.g.thoseusedfor theNIST LID
evaluationsin 1993-1995)have excludedsignalsshorterthan
10s. We expresslyintendedto includevery shortsignalsin or-
derto testourhypothesisthatthefeature-basedapproachmight
be beneficialin situationswherelittle acoustictestmaterialis
available.

We built two baselineLID systems,onebasedon phones,
theotherbasedon phoneticfeaturestreams.Thephoneticfea-
turegroupswe usearevoicing, mannerof articulation,conso-
nantalplaceof articulation,nasality, vocalicplaceof articula-
tion, front-back tongue-position,andlip rounding. The phone
setcomprises126 models,the total numberof featuremodels
is 47. Furthermore,7 modelsareusedfor silence,shortpauses,
andvarioustypesof noise,laughter, etc. Both systemswere
bootstrappedon manualphonelabelsfor a small subsetof the
data(623files);phonelabelswereconvertedto phoneticfeature
labelsusingthedefinitionsof theInternationalPhoneticAlpha-
bet (IPA). All acousticfeatureand phonemodelsare single-
GaussianHMMs with 3 states.After bootstrapping,automatic
transcriptionswerecreatedby unconstrainedphoneandfeature
recognitionpasses,i.e. no top-down informationin theform of
languagemodelsor phone/featuregrammarswasusedto con-
strainrecognition.

Theseautomatictranscriptionswereusedto trainphoneand
featureback-off n-grammodels. The resultsobtainedby the
baselinesystemson forced-choiceidentificationof the10 lan-
guageslisted above, are listed in Table1 for differentn-gram
contexts. All featurestreamsin the feature-basedsystemhad
thesamen-gramcontext.

Our baselinesystemsuseacousticmodelswith a uniform
topologyandthusdo not take into accountcharacteristicvari-
ationsin durationof certainphonesandfeatures.To overcome
this limitation weinvestigatedasimpleform of durationalmod-
eling, wherethe numberof statesin eachacousticmodelwas
adjustedto reflecttheaveragedurationof themodel’s instances
in thetrainingdata.Thenumberof stateswassetto theaverage



n=2 n=3 n=4 n=5 n=6

phone 47.2 42.3 38.8 38.3 37.9
feature 37.6 43.9 44.7 42.4 40.6

Table1: BaselineLID accuracies(in %) of phone-basedand
feature-basedsystems,developmentset.

durationdivided by the acousticframerateof the system(10
ms). This form of durationmodelingincreasedtheaccuracy to
50.3%for the phone-basedsystemand46.7%for the feature-
basedsystem.

Notethat thecurrentsystemsdo not useclusteredmodels,
speaker adaptationor multiple Gaussianmixtures- the global
performancelevel of bothsystemscouldcertainlybeimproved
if thesefeatureswereadded. We plan to integratetheseover
time; in our initial experiments,priority wasgivento exploring
themodelingoptionsof thenew feature-basedapproach.

4. Feature StreamSelectionand Score
Combination

In LID experimentsusingonly a singlefeaturestreamat a time
it wasobserved that differentfeaturegroupsvary greatlywith
respectto their language-discriminatingpotential.Consonantal
placefeaturesaremostinformative whereasvoicing andnasal-
ity featuresseemto betheleastuseful.However, thecombina-
tion of thefeaturestreamswith thebestindividual resultsdoes
notnecessarilyleadto thebestoverallresultdueto nonlinearin-
teractionsbetweenthestreams.For this reasonwe selectedthe
bestsubsetof featurestreamsby optimizing theLID accuracy
on thedevelopmentset. Thebestsubsetachievesa LID accu-
racy of 48.8%on the developmentsetandconsistsof the five
streamsmanner, consonantalplace, vowel place, front-back,
androunding.

As a more advancescorecombinationschemewe used
a Multi-Layer-Perceptronto map vectorsof normalizedfea-
ture streamscoresfor all languagesto the final LID probabil-
ities. Additional experimentswereperformedusingthefeature
streamrank insteadof normalizedscores.However, neitherof
theseschemesled to any any improvementover simpleproduct
combination.

5. Cross-StreamDependencyModeling
Oneof theweaknessesof thebaselinefeature-basedsystemis
that cross-streamdependenciesarenot taken into account.To
improve theaccuracy of thesystemit seemsto becrucial to in-
dentify relevantdependenciesto incorporatetheminto thesta-
tistical model.

In the baselinemodel, the probability of a feature : in
streamI at position J , ���=:LK0 ) , is only dependenton the pre-
vious MONQP featuresin the samestream. Whencross-stream
dependenciesareincorporated,it is additionallydependentona
setof featurein streamsotherthanI :
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If we assumea topological ordering on the streams,the set9UT � I�� can containany numberof featuresat any position
up to J in any streamlessthan than I . For our initial exper-
iments, however, we simplified this model by allowing only
pairwisedependenciesbetweentwo streamsandonly between

featureswhich overlapin time. If we furthermoreassumethat
all streamsareindependentgiven I , we canmake thefollowing
approximation:���=: K0 ) � ���=: K0 ' : K054 � ��!$!#!#�.: K0�46387 � � 9QT � I��
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Theadditionalconditioningvariable : H0 canbeconsideredpart
of then-gramcontext, in which casethenumberof potentially
observablecontexts increasesfrom 
 3K to 
 3KZY 
 H (where
 K
and 
 H are the numberof different featurevaluesin streamsI and [ , respectively). In orderto robustly estimateprobabili-
ties for theseevents,andin particularfor unseencontexts, the
samesmoothingand back-off proceduresusedin standardn-
grammodelingcanbeapplied.However, we canalsoapproxi-
matetheabove quantityas���=: K0 ) � ���=: K0 ' : K\ 460 ��!$!#!#�.: K\ 4R3S7 � �%: H0 ) (10)V ���=: K0 ' : K\ 460 ��!$!#!#�.: K\ 4R3S7 � ) ���=: K0 ' : H0 ) (11)

which hastheadvantagethat fewer parameters,namely 
 3K^]
 K Y 
 H
, needto beestimated.

Anotherkey questionis how to identify thosecross-stream
dependencieswhich are designedto improve LID accuracy,
i.e. which have the strongestdiscriminatingeffect. This con-
cep is calledstructuraldiscriminability [11]. In principle, de-
pendenciescanbe found eitherby a searchthroughthe space
of possibledependencies,or by usingvariousheuristicsto pre-
dict the effect of addingindividual dependencies.To test the
first optionwehaveusedthegreedysearchalgorithmdescribed
below;

GreedyDependencySearch
Initialization
instantiatelist of dependenciesto all possiblepairwise
combinationsof featurestreams
seti=0
set _�`-a"bc to LID scorefor modelwithoutdependencies
while list of dependenciesnotempty
do

set J � J ] P
for all dependenciesd�e�f in list
do

adddependency d
computenew LID score,_+g0
set h g0 � _ g0 Ni_�`-a?b054 �
remove dependency d

done
find dependency d with thelargesth g0
if h g0kjml and d doesnotcreatecirculardependency

add d to model
remove d from list

elseif h g0knml
terminate

set _ `-a?b0 � _ g0
done

Theconstrainton circulardependenciesensuresthat the result
is avalid probabilitydistribution.

To test the secondoption, we usethe mutual information
betweentwo streamso and p asa selectioncriterion:q � osrEp

) �ut
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Dependenciesbetweenstreamsshowing thehighestmutualin-
formationareaddeduntil theLID accuracy on thedevelopment
decreases,againobservingthecirculardependency constraint.

6. Experiments
We first appliedthegreedysearchstrategy to our bestfeature-
basedLID system(i.e. the5-streammodeldescribedin Section
4); the LID accuracy wasoptimizedon the developmenttest.
Dependencieswereimplementedasconditionalprobability ta-
bles;the integrationof thecross-streamprobabilitieswasdone
accordingto themodelin Equation11. The resultsareshown
in Table2. WenoticethattheLID accuracy increasesmarkedly

Iteration Dependency LID acc(%)

0 no dependencies 48.8
1 cons.place- rounding 53.6
2 manner- vowel place 54.6
3 front/back- cons.place 55.1

Table2: LID accuracy on developmenttestafteraddingcross-
streamdependencies.Dependenciesare listed as “dependent
variable”- “conditioningvariable”.

alreadyafter the first iteration. Further addeddependencies
contributesmallerimprovements.The total improvementover
the bestresultobtainedby the phone-basedsystem(50.3%)is
statisticallysignificantat the 0.002 level. We then testedthe
dependency selectionbasedon mutual information. This pro-
cedureterminatedafter two iterationswith a developmenttest
accuracy of 53.8%. The dependenciesidentifiedby this crite-
rion werefront-back - vowelplaceandfront-back - consonantal
place. Finally, we appliedour bestphone-basedsystem,the
best feature-basedsystemwithout dependenciesand the best
feature-basedsystemwith dependenciesto the evaluationset.
Resultsarelistedin Table3.

System LID acc(%)

phone 50.7
featurewithoutdependencies 49.2
featurewith dependencies 56.7

Table3: LID accuracy of bestsystemsonevaluationset.

In order to comparethe performanceof the differentsys-
temson testsignalsof varying lengthswe groupedtheevalua-
tion setfiles into threecategories,viz. very short(shorterthan
3s),short(between3sand15s),andlong(longerthan15s),and
scoredtheseseparately. Resultsareshown in Table4. We see

System veryshort short long

phone 33.3 54.8 70.9
featurewithoutdeps 40.2 50.8 62.9
featurewith deps 48.0 58.8 64.6

Table4: LID accuracy (in %) of bestsystemsonevaluationfiles
of differentlengths.

that the feature-basedsystemachieves a much higher perfor-
manceon very short test signals;this characteristicis further
enhanceby cross-streamdependency modeling.

7. Summary and Conclusions
In this paper we have developed a novel approachto lan-
guageidentificationwhich is basedon n-grammodelsof par-
allel streamsof phoneticfeaturesandsparsestatisticaldepen-
denciesbetweenthesestreams. We have shown that sucha
multi-streamfeature-basedsystemoutperformsa comparable
phone-basedsystemsignificantlywhile usingfewerparameters.
Moreover, the feature-basedsystemshows a particularly large
improvementon very short test signal ( � 3 seconds).So far
wehaveonly exploredasmallnumberof thepossiblemodeling
optionswhich this new approachoffers. Futurework will in-
cludeexploring furtherdata-drivenmeasuresfor predictingop-
timal cross-streamdependencies,aswell asdifferentschemes
for scoreintegration.
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