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Abstract

Most state-of-theart automatidanguagedentificationsystems
arebasedn phonotactianformation,i.e. languagesreidenti-
fied on the basisof probabilitiesof phonesequencesxtracted
fromtheacousticsignal. Thisapproachignoreshepotentialad-
vantagedo be gainedfrom aricherrepresentationf theacous-
tic signalin termsof parallelstream®f subphonemievents.In
this papemwe developanalternatve approacho languageden-
tification which is basedon parallel streamsof phoneticfea-
turesandsparsemodelingof statisticaldependenciebetween
thesestreams.We presentesultson the OGI-TS databasand
shav thatthe feature-basedystemoutperformsa comparable

phone-basedystensignificantlywhile usingfewer parameters.

Moreover, the feature-basedystemexhibits a markedly better
performanceon very shorttestsignals(< 3 seconds)Thethe-
oreticalapproacthdevelopedhereis of significancenot only for

languagédentificationbut alsofor relatedwork in pronuncia-
tion modeling.

1. Intr oduction

A recenttrendin speechtechnologyis therapidly growing need
for multilingual speechprocessingsystems. Automatic lan-
guageidentification(LID) is an integral part of suchsystems
andthereforecontinuesto attractmuch attentionfrom the re-
searclcommunity Oneof themostimportantproblemspartic-
ularly for embeddedpeechapplicationsjs the developmentof
algorithmsfor fastlanguagddentificationusingvery shorttest
signals. Most currentLID systemscontinueto usethe phono-
tactic approachdevelopedover the pastdecadege.g.[7,8, 9]).
Underthis approach sequencesf phonesare extractedfrom
the speechsignal using standardacousticfront ends,suchas
hiddenMarkov models(HMMs). Thesephonesequencesare
thenrescoredby language-specifistatisticaln-gram models.
Language-discriminatingnformationis thusassumedo be en-
codedprimarily in the statisticalpatternsphonesequence
differentlanguages.One of the dravbacksof this approachis
theproblemof unseerphonecontetsin thetestdata,e.g.when
applyingasystentrainedon readspeecho spontaneouspeech
[10]. Moreover, phone-basedystemsneeda fairly large n-
gramcontext for accurate_ID, which is why athey deteriorate
rapidly on shorttestsignals(lessthan10 seconds).

More powerful modeling schemesare concevable, in
particular modelswhich emplgy multiple sequence®f 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 also be of benefit

for languageadentification.In particular improvementsmaybe
expectedwith respecto theamountof trainingmaterialneeded
to train or to adapta LID systemto new languagesthe length
of theacoustictestsignal, memoryrequirementandaccurag.
In the following sectionwe will describethe basic theoreti-
cal model of the new approachand contrastit with the stan-
dardphone-basedhodel. In Section3 we describethe corpus
usedfor the presentstudy and our baselinephone-base@nd
feature-basetID systemsSection4 discussesxperimenton
feature-strearselectiorandscorecombination.ln Sections we
addresghe issueof modelingstatisticaldependenciebetween
differentstream®f phoneticfeatures Experimentatesultsand
conclusionsarearegivenin Sections and7, respectiely.

2. A Feature-BasedApproachto Language
Identification

The standardphone-basedpproactto LID assumeshatmost
of the language-discriminatingiformationis containedn the
statisticalregularities governing phonesequence# different
languagesTo modelthis effect, anacoustidront end,typically
consistingof phoneHMMs, is usedto maptheacousticsignalto
a sequencef phonesymbols.This front endcanbelanguage-
independenti.e. trainedon datafrom all languagesn the sys-
tem, or language-dependenty which casedifferent acoustic
modelsare trainedfor eachlanguage. Throughoutthis paper
we will uselanguage-independeatousticmodelsfor boththe
phone-basedndthefeature-basetID systemsThemodelse-
guencesbtainedthroughrecognitionusingthe acousticmod-
elsarethenusedto train language-specifin-grammodels.For
languagédentification all n-grammodelsareappliedto agiven
testsequencandthelanguagecorrespondingo n-grammodel
thatassignghe highestprobability to the sequencés assumed
to be the true language. This decisionrule can be described
formally as

L* = argmazP(¢1,d2,...,¢n|L) 1)

where L* is the index of the besthypothesizedanguageand

P(¢1, P, ..., pn|L) is the probability of the phonesequence
b1, P2, ..., ¢~ givenlanguagel, whichis computedaccording
to the phonen-grammodelfor thatlanguage:

N
P(¢1, 2, onIL) = [ [ P(¢slgpiz1, -, hint1) (2
=N

Typically, smoothedbigramsor trigrams are usedas n-gram
models.

Underthenew feature-basedpproachmultiple parallelse-
qguence®f phoneticfeaturesareextractedfrom thesignal. Pho-
neticfeaturesareabstractlassedooselyrelatedto articulatory



propertiessuchasvoiced vowel nasal roundedetc. They can
be groupedinto subsetslependingon their possibilitiesof co-
occurrenceall featureswhich mutually excludeeachotherare
assignedo the samegroup. Thus, featuresdescribingvoicing
form a subsetasdo featuresdescribingmannerof articulation,
placeof articulation,etc. Thesesubsetsmplicitly identify par
tially independentlimensionsf articulation.

For eachfeaturea statisticalacousticmodelis built, anal-
ogousto acousticphonemodels. Acousticdecodingis carried
outfor eachfeaturegroupindependentlyyielding parallelpho-
netic featurestreams. For eachfeaturestream,an individual
featuren-grammodelis estimated.During testing,the prepro-
cessedignalis thuspassedhroughabankof featurerecogniz-
ers,followed by featuren-gramswhich computethe probabili-
ties of the eachfeaturestreamgiven the language.The result-
ing stream-specifiscoresare combinedto provide the overall
LID score. Analogousto the n-gram probability of a phone
sequencethe probability of a featurestreamZF = fi,...fx
given a languageL, P(F|L), is definedasthe productof the
conditionalprobabilitiesof the currentfeaturegiventhen-gram
contet:

N
P(FIL) = [[ P(filfiz1, s fimnt1) (3)

i=n

The probability of an ensembleof K feature sequences
Fi,...,Fk givenlanguagel, P(Fui,...,Fk), IS

P(Fi,...,Fx|L) = C(P(F1|L),, ..., P(Fk|L)) (4)

whereC is somecombinationfunction. The bestlanguagehy-
pothesids thenidentifiedby the maximumscore:

L* = argmazP(Fi,..., Fx|L) (5)

A simple combinationfunction, which we usein our baseline
feature-basedystem|s the productof the individidual feature
streamscores:

K
P(F1, .., F|L) = [ | P(F&|L) (6)
k=1

It should be notedthat this model might have limitations in
thatall featurestreamsreassumedo beindependengiventhe
language We will addresghe problemof incorporatingcross-
streamdependencmodelingbelow.

Thefeature-basedpproachasarangeof potentialadwan-
tagesFirst,thenumberof featureclassesn ary givenlanguage
is typically muchsmallerthanthe numberof phoneclassesin
fact, approximately30 phoneticfeaturessuffice to encodeall
phonesin the world’s languages. Training datafor phonetic
featurescanbe sharedacrossphones)eadingto a larger num-
ber of training samplesper class. Featuren-grammodelsand
acoustiomodelscanthereforebetrainedmorerobustly thanthe
correspondingphonemodels.Moreover, the overall numberof
models(andthereforethe numberof parameterén the system)
is reduced.

Secondthe language-independenatureof phoneticfea-
turesenhanceshe portability of afeature-basedID systemto
nev languages®r dialects.Whereaphone-basedystemsften
strugglewith the problemof unseerphonesor phonesequences
whenconfrontedwith new data,the potentialrangeof unseen
featurecontets is muchsmaller

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

vowel nasalizatioror aspiratedvs. unaspirateglosives. Such
phenomenanay have language-dferentiatingpotential. In a
phone-basedystem,however, they canonly be modelledat
theexpenseof creatingadditionalphonemodels(e.g.for nasal-
ized vs. non-nasalizediowels), therebyenlaging the number
of parameterso betrained. This type of variationcanbe mod-
elled more adequatelywhen phonesare representeds setsof

phoneticfeatures: characteristicshifts in articulatory timing

canbe expressedschangego the statisticaldependenciebe-

tweenfeaturesin differentstreamswithout having to enlage

themodelinventory A further, relatedadwantages thatshorter
testsignalsmight be neededo for accuratdanguagedentifi-

cationsincesubphonemicontets canbe exploited morethor

oughly

3. Corpusand BaselineSystems

For the experimentsdescribedn the presentstudywe usethe
OGI-TScorpug[5] of multilingualtelephonespeechThetrain-
ing, developmentandevaluationsetdefinitionsarethe oneses-
tablishedin [6]. The setscontain4650, 1898 and 1848 files
for training, developmentandevaluation,respectrely, with ap-
proximately the samenumberof files for eachof ten differ-
entlanguagegEnglish, Farsi, French,German JapaneseKo-
rean, Mandarin, Spanish,Tamil, and Vietnamese). It should
be pointedout thatthis datadiffersfrom mostOGI-TS subsets
usedfor previous studieson languagedentificationin thatvery
shortsignals(< 3 secondshreincluded,whereasmostprevi-
ousevaluationsetdefinitions(e.g.thoseusedfor theNIST LID
evaluationsin 1993-1995)have excludedsignalsshorterthan
10s. We expresslyintendedto includevery shortsignalsin or-
derto testour hypothesighatthefeature-basedpproachmight
be beneficialin situationswherelittle acoustictestmaterialis
available.

We built two baselineLID systemspnebasedon phones,
the otherbasedon phoneticfeaturestreams.The phoneticfea-
ture groupswe usearevoicing mannerof articulation,conso-
nantal placeof articulation,nasality, vocalic placeof articula-
tion, front-bad tongue-positionandlip rounding The phone
setcomprisesl26 models,the total numberof featuremodels
is 47. Furthermorey modelsareusedfor silence shortpauses,
and varioustypesof noise,laughter etc. Both systemswere
bootstrappe@dn manualphonelabelsfor a small subsetof the
data(623files); phonelabelswereconvertedto phonetidfeature
labelsusingthedefinitionsof the InternationalPhoneticAlpha-
bet (IPA). All acousticfeatureand phonemodelsare single-
GaussiarHMMs with 3 states.After bootstrappingautomatic
transcriptionsverecreatecby unconstrainegghoneandfeature
recognitionpassesi.e. no top-davn informationin the form of
languagemodelsor phone/featurgrammarsvas usedto con-
strainrecognition.

Theseautomatidranscriptionsvereusedo train phoneand
featureback-of n-grammodels. The resultsobtainedby the
baselinesystemson forced-choicddentificationof the 10 lan-
guagedisted above, arelisted in Table1 for differentn-gram
contets. All featurestreamsn the feature-basedystemhad
the samen-gramcontext.

Our baselinesystemsuseacousticmodelswith a uniform
topologyandthusdo not take into accountcharacteristiosari-
ationsin durationof certainphonesandfeatures.To overcome
thislimitation we investigateda simpleform of durationaimod-
eling, wherethe numberof statesin eachacousticmodelwas
adjustedo reflecttheaveragedurationof themodelsinstances
in thetrainingdata.The numberof statesvassetto 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

Table 1: BaselineLID accuracieqin %) of phone-base@nd
feature-basedystemsdevelopmentset.

durationdivided by the acousticframerate of the system(10
ms). This form of durationmodelingincreasedhe accurag to
50.3%for the phone-basedystemand46.7%for the feature-
basedsystem.

Note thatthe currentsystemalo not useclusteredmodels,
speakr adaptationor multiple Gaussiarmixtures- the global
performancdevel of both systemsould certainlybeimproved
if thesefeatureswere added. We plan to integratetheseover
time; in ourinitial experimentspriority wasgivento exploring
themodelingoptionsof the new feature-basedpproach.

4. Feature Stream Selectionand Score
Combination

In LID experimentausingonly a singlefeaturestreamatatime
it wasobsened that differentfeaturegroupsvary greatlywith
respecto theirlanguage-discriminatingotential. Consonantal
placefeaturesaremostinformative whereassoicing andnasal-
ity featuresseemto betheleastuseful. However, the combina-
tion of the featurestreamswith the bestindividual resultsdoes
notnecessariljeadto thebestoverallresultdueto nonlinearin-
teractionsbetweerthe streams For this reasorwe selectedhe
bestsubsetof featurestreamsby optimizingthe LID accurag
on the developmentset. The bestsubsetachievesa LID accu-
ragy of 48.8%o0n the developmentsetand consistsof the five
streamsmanner consonantalplace vowel placg front-bad,
androunding

As a more adwance score combinationschemewe used
a Multi-Layer-Perceptronto map vectorsof normalizedfea-
ture streamscoresfor all languagego the final LID probabil-
ities. Additional experimentavereperformedusingthe feature
streamrank insteadof normalizedscores.However, neitherof
theseschemesedto ary ary improvementover simpleproduct
combination.

5. Cross-SteamDependencyModeling

Oneof the weaknessesf the baselinefeature-basedystemis
that cross-streantlependencieare not taken into account. To
improve theaccurag of the systemit seemso becrucialto in-
dentify relevantdependencie® incorporateheminto the sta-
tistical model.

In the baselinemodel, the probability of a feature f in
streamy at positionz, P(f}), is only dependenbn the pre-
viousn — 1 featuresin the samestream. When cross-stream
dependencieareincorporatedit is additionallydependentna
setof featurein streamotherthanj:

P(f))=P(Ff 1, i, F\ D) (7)

If we assumea topological ordering on the streams,the set
F \ {j} cancontainary numberof featuresat ary position
up to 4 in ary streamlessthanthanj. For our initial exper
iments, however, we simplified this model by allowing only
pairwisedependenciebetweenwo streamsandonly between

featureswhich overlapin time. If we furthermoreassumehat
all streamsareindependengiven j, we canmale thefollowing
approximation:

P(fzj) = P(ff|ff—1,---:ff—n+1,f\{j}) (8)

Q

K
I P s ) (9)

k=1,k=j

Theadditionalconditioningvariable f¥ canbe considerecpart
of the n-gramcontet, in which casethe numberof potentially
obserablecontetsincreasesrom mj to mj x my (Wherem;
andmy arethe numberof differentfeaturevaluesin streams
j andk, respectiely). In orderto robustly estimateprobabili-
tiesfor theseevents,andin particularfor unseercontets, the
samesmoothingand back-of proceduresusedin standardn-
grammodelingcanbe applied. However, we canalsoapproxi-
matethe above quantityas

P(ff) P(fzjlfg—za,ft]—n+1:fzk) (10)
P(Fflzis s fae )P ) (A1)
which hasthe adwantagethat fewer parameterspamelym; +
m? x m*, needto beestimated.

Anotherkey questionis how to identify thosecross-stream
dependenciesvhich are designedto improve LID accuray,
i.e. which have the strongestiscriminatingeffect. This con-
cepis called structuraldiscriminability [11]. In principle, de-
pendenciesanbe found eitherby a searchthroughthe space
of possibledependenciesyr by usingvariousheuristicsto pre-
dict the effect of addingindividual dependenciesTo testthe
first optionwe have usedthe greedysearchalgorithmdescribed
below;

Q

GreedyDependencySearch
Initialization
instantiatdist of dependencie® all possiblepairwise
combination®f featurestreams
seti=0
setSy*® to LID scorefor modelwithout dependencies
while list of dependenciesotempty
do
seti =7 +1
for all dependenciedeD in list
do
adddependencd
computenew LID score,S¢
setdf = SF — Spa®
remove dependencd
done
find dependencd with thelargests?
if ¢ > 0 andd doesnot createcirculardependenc
addd to model
remove d from list
elseif §¢ < 0
terminate
setSmer = G¢
done

The constrainton circular dependenciesnsureghat the result
is avalid probability distribution.

To testthe secondoption, we usethe mutualinformation
betweerntwo streamsX andY asa selectiorcriterion:

106Y) = Y P plog ZEDs )



Dependenciebetweerstreamsshaving the highestmutualin-
formationareaddeduntil theLID accurag onthedevelopment
decreasesgainobservingthe circulardependencconstraint.

6. Experiments

We first appliedthe greedysearchstratgy to our bestfeature-
based.ID system(i.e.the5-streanmodeldescribedn Section
4); the LID accurag was optimizedon the developmenttest.
Dependenciewereimplementedasconditionalprobability ta-
bles;theintegrationof the cross-streamprobabilitieswasdone
accordingto the modelin Equationll. Theresultsare shavn
in Table2. We noticethattheLID accurayg increasesnarkedly

[ lteration | Dependeng | 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 accurag on developmenttestafteraddingcross-
streamdependenciesDependenciesire listed as “dependent

LTS

variable”- “conditioningvariable”.

alreadyafter the first iteration. Furtheraddeddependencies
contribute smallerimprovements. The total improvementover
the bestresultobtainedby the phone-basedystem(50.3%)is
statistically significantat the 0.002level. We thentestedthe
dependengc selectionbasedon mutualinformation. This pro-
cedureterminatedafter two iterationswith a developmenttest
accurayg of 53.8%. The dependencie&lentified by this crite-
rion werefront-bad - vowelplaceandfront-bad - consonantal
place Finally, we appliedour bestphone-basedystem,the
bestfeature-basedystemwithout dependencieand the best
feature-basedystemwith dependencie® the evaluationset.
Resultsarelistedin Table3.

[ System | LID acc(%) ]
phone 50.7
featurewithout dependencieg 49.2
featurewith dependencies 56.7

Table3: LID accurag of bestsystemson evaluationset.

In orderto comparethe performanceof the differentsys-
temson testsignalsof varyinglengthswe groupedthe evalua-
tion setfiles into threecatayories,viz. very short(shorterthan
3s),short(betweer8sand15s),andlong (longerthan15s),and
scoredtheseseparately Resultsareshavn 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 accuray (in %) of bestsystem®n evaluationfiles
of differentlengths.

that the feature-basedystemachieves a much higher perfor
manceon very shorttestsignals;this characteristidas further
enhancéy cross-streamependencmodeling.

7. Summary and Conclusions

In this paperwe have developeda novel approachto lan-
guageidentificationwhich is basedon n-grammodelsof par
allel streamsof phoneticfeaturesand sparsestatisticaldepen-
denciesbetweenthesestreams. We have shavn that sucha
multi-streamfeature-basedystemoutperformsa comparable
phone-basesdystensignificantlywhile usingfewer parameters.
Moreover, the feature-basedystemshaws a particularlylarge
improvementon very shorttestsignal (< 3 seconds).So far
we have only exploreda smallnumberof the possiblemodeling
optionswhich this new approachoffers. Futurework will in-
cludeexploring furtherdata-drvenmeasuresor predictingop-
timal cross-streandependenciesaswell asdifferentschemes
for scoreintegration.
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