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Abstract

Supportvectormachineg SVMs) have becomea populartool
for discriminatie classi cation. Powerful theoreticabndcom-
putationaltools for supportvectormachineshave enabledsig-
ni cant improvementsin patternclassi cation in several ar-
eas. An exciting areaof recentapplicationof supportvector
machinesis in speechprocessing. A key aspectof applying
SVMs to speechis to provide a SVM kernelwhich compares
sequencesf featurevectors—asequencekernel. We propose
theuseof sequencé&ernelsfor languageecognition.We apply
our methodsto the NIST 2003 languageevaluationtask. Re-
sultsdemonstratéhe potentialof thenew SVM methods.

1. Intr oduction

Marny successfuhpproaches languageecognitionhave been
proposed. A classicapproachimplementedin the parallel-
phonerecognitionanguagenodeling(PPRLM)systenof Ziss-
man [1] usedphonetokenizationof speechcombinedwith a
phonotacticanalysisof the outputto classifythe language.A
more recentdevelopmentis the use of methodologiesimilar
to thosein spealer recognition. In theseapproachesa set of
featuresuseful for languagerecognitionhave beencombined
with the ubiquitousGaussiarmixture modelto produceexcel-
lentrecognitionperformancg2, 3].

We adoptthe methodsof [2] using a purely acousticap-
proach(i.e., no intermediaterepresentationsuchasphonela-
bels). For input featureswe useshifted delta cepstralcoef-
cients.For classi cation,we useuniguesupportvectormachine
(SVM) methodsdesignedor operatingon sequencelata4].

The organizationof our paperis asfollows. In Section2,
we discusghetrainingandtestingscenaridor therecentNIST
LanguageRecognitionevaluation (2003). Section3 describes
our featureset. In section4, we brie y review SVMs anddis-
cussour approachto languagerecognition. Section4.3 dis-
cussesthe sequencekernel usedin more detail. Section5
presentshe fusion approachapplied. Finally, Section6 dis-
cusse®xperimentandresultsusingthe new system.

2. 2003NIST LanguageRecognition
Evaluation
In 2003, NIST held an evaluationto assesshe currentperfor

manceof languageecognitionsystemdor corversationatele-
phonespeechThebasictaskof theevaluationwasto detectthe
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presencef a hypothesizedargetlanguagegiven a sgmentof
speech.Thetamgetlanguagesvere AmericanEnglish, Arabic,
Farsi, CanadianFrench,Mandarin, German,Hindi, Japanese,
SpanishKorean,Tamil, andVietnameseEvaluationof thetask
wasperformedhroughstandardneasures—decisioncostfunc-
tion andequalerrorrate.

The training, development, and test data was primarily
drawn from the CallFriendcorpusavailablefrom the Linguistic
Data Consortium(LDC). Training dataconsistedof 20 com-
plete corversationgnominally 30 minutes)for eachof the 12
targetlanguagesDevelopmentdatawasdravn from the 1996
NIST LID developmeniandevaluationsets.Testdataconsisted
of speeclsggmentsof length3, 10,and30 secondsFor eachof
thesedurations1,280utterancesvereavailable;thisresultedn
15,360detectiontrials per duration. For moreinformation,we
referto the NIST evaluationplan(5, 6].

3. Featuresfor LanguageRecognition

Oneof the breakthroughgor performinglanguageecognition
using Gaussiammixture modelswas the discovery of a better
featuresetfor languagedenti cation [2]. Theimprovedfeature
set,shifteddeltacepstra(SDC)coefcients, areanextensionof
delta-cepstratoefcients. Priorto the useof SDC coefcients,
GMM-basedanguageecognitionwaslessaccuratehanalter
nateapproacheéfl].
SDCcoefcients arecalculatecasshavn in Figurel. SDC

coefcients arebasediponfour parametergypically writtenas

- - - . Foreachframeof data, MFCCsarecalculatechased
on ;ie. , , , (notethat is used).Theparam-
eter determineghe spreadover which deltasare calculated,
andthe parameter determineshe gapsbetweensuccessie
deltacomputationsl.e.,for agiventime, , we obtain
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Figurel: Shifteddeltacepstrakcoefcients



asanintermediatecalculation.The SDC coefcients arethena
staclkedversionof (1),

)

4. Support Vector Machinesfor Language
Recognition

4.1. Support Vector Machines

A supportvector machine(SVM) [7] is a two-classclassi er
constructedrom sumsof a kernelfunction ,

®)

wherethe arethetargetvalues, , and
. Thevectors aresupportvectorsand obtainedfrom the

training setby an optimizationprocesq8]. The targetvalues
areeither or dependinguponwhetherthe corresponding
supportvectorisin class or class . For classi cation,aclass
decisionis basedupon whetherthe value, , is above or
below athreshold.

Thekernel is constrainedo have certainproperties
(theMercercondition),sothat canbeexpresseds

(4)

where is amappingfrom the input space(where lives)
to apossiblyin nite dimensionakpace.

The optimization condition relies upon a maximummar
gin concept,seeFigure2. For a separablalataset,the system
placesa hyperplanén a high dimensionakpacesothatthe hy-
perplanehasmaximummargin. The datapointsfrom thetrain-
ing setlying on theboundariegasindicatedby solidline in the

gure) arethesupportvectorsin equation(3). Thefocusthenof
the SVM training processs to modelthe boundaryasopposed
to atraditionalGaussiamixturemodelwhichwould modelthe
probability distributionsof the spealkr (ageneratre approach).

f(x)=0

Figure2: Supportvectormachineconcept

Figure3: Trainingstratgy
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Figure4: LanguageecognitionusingSVMs

4.2. SVMs for LanguageRecognition

In orderto usesupportvectormachinesfor languagerecogni-
tion, two issuesnustberesolhed. First, we musthave aframe-
work for usingthe SVM asa multiclassclassi er. Secondthe
SVM mustbe ableto handlesequencesf featurevectors(i.e.,
sequencesf SDC coefcients) in orderto performclassi ca-
tion.

The rst issuehandlingmulticlassdata,is straightforvard.
We usea “onevs. all” stratgy asshavn in Figure3. The g-
ure shawvs an exampleof trainingfor an Englishmodel. In the
gure, we useEnglishfor class data,andthe remaininglan-
guagesreusedfor class data.Thistrainingdatais processed
with a standardSVM optimizer(we have usedSVMTorch[8])
usingour kernel,the GLDS (Generalized_inear Discriminant
Sequencelernel. TheresultingSVM modelis reducedn size
andthatprocesproducesnEnglishlanguaganodel.For other
languagesthe procesds analogous.

After obtainingthe target languagemodels,we canthen
combinethemtogetherto producea languagerecognitionsys-
tem. Theresultis shavn in Figure4. Speechs inputinto the
SVM languagerecognitionsystem,shifted delta cepstralfea-
turesareextracted. Thenan SVM for eachof the 12 language
modelsis appliedto the featurevector sequenceachproduc-
ing ascore(a singlenumber). Thesescoresarethenprocessed
usingabaclendfusionsystem2].

4.3. SequenceKernels

A secondssuefor successfuBVM languageecognitionmple-
mentationis the ability of the systemto handlesequencelata.
Oursolutionis to implementsequencé&ernels Thatis, we con-
structakernel, thatcomparegwo sequencesf
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featurevectors, and . Themainissuesn constructing

akernelare(1) to satisfytheMercercondition,and(2) make the
kernelarelevantcomparisorbetweertwo sequences.

Our basicapproactto kernelconstructionis shovn in Fig-
ure5. To comparewo utteranceswe rst performfeatureex-
tractionto producetwo sequencesf featurevectors.Fromthe

rst utterancewe nd amodelusingonly thedatafrom the ut-

terance.Onemightthink thisis anill-conditionedprocessput
typically this is doneby adaptingfrom a “backgroundmodel’
After nding amodelw from the rst utterancethis modelis
thenusedto scorethe secondutteranceusinga generalizedin-
eardiscriminant,w . The outputis a scorewhichis our
kernelvalue.

The generalizedinear discriminantw is simply an
inner productbetweena model and a set of basisfunctions,
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We choosemonomialsup to a given degree for the basis
functionsin this paper(an example basisfunction would be
y” y°,y 5). Otherbasessuchasradial basisfunctions,etc.,
couldbeused.

Thekernelresultingfrom Figure5 canbewritten as

GLDS :cR Yy (6)

Themapping — ,isdenedas
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and , is de nedin ananalogousnannerto (7). R is a corre-
lation matrix derived from a large backgroundpopulation. We
referto (6) asthe Generalized_inear DiscriminantSequence
(GLDS) kernel[4]. Notethat(6) satis esthe Mercercondition
sincewe have aninnerproduct.

5. Fusion

Fusionwas performedusing a baclend classi cation system
commonlyusedin languagerecognitionsystemg[1, 9]. The
baclendsystemconsistof threeparts(appliedin thelisted or-
der): a featuretransformationcomponent,a set of Gaussian
classi ers (equalto the numberof tamget languages)and -
nally alog-likelihoodratio (LLR) normalization.The baclend
takesthetargetlanguagescoredrom all availableclassi ersand
mapsthemto 12 targetlanguagescores.

Thefeaturetransformatiornis trainedfrom the development
setincludedin the NIST distribution. Lineardiscriminantanal-
ysis(LDA) hasbeenusedfor thistask. The Gaussiartlassi ers
arealsotrainedfrom thedevelopmentdata;a globalcovariance
isused.

As a last stepin the baclend, the scoresare convertedto
log-likelihoodratios. Supposes , , sy arethescorefrom
the M languagamodelsfor a particularmessageTo normalize
thescoreswe nd new scoress’ givenby

R Si (8)

6. Experiments

Experimentswere performedusingthe NIST LRE evaluation
dataand the primary evaluation condition. We focuson lan-
guagedetectiorfor the30secondtase Thisresultedn 960true
trialsand10,560falsetrials.

For the SVM system,SDC featureswere extractedas in
Section3. Our primary representation - - - was7-1-3-7.
This representatiomwasselectedaseduponprior excellentre-
sultswith this choice[2, 9]. After extractingthe SDCfeatures,
non-speeclirameswereeliminated,andeachfeaturewasnor-
malizedto mean andvariance onaperutterancebasis.This
resultedin a sequencef featuresvectorsof dimensiord9 for
eachutterance.

The SVM systemusedthe GLDS kernel as describedin
Section4.3with a diagonalcovariancematrix R.. All monomi-
alsupto degree3 wereusedn theexpansion ; thisresulted
in anexpansiondimensionof 22,100.

For contrast,we compareour SVM systemto a Gaus-
sianMixture Model (GMM) languageecognitionsystem.The
GMM systemsetupand descriptionare givenin [9]. Briey,
eachlanguagemodelconsistecbf a GMM with 248 mixture
components.SDC featureswere extractedusing the parame-
ter speci cation 7-1-3-7; the featureswere post-processeds-
ing thefeaturemappingtechniqug10]. Languagenodelswere
genderdependentsoatotal of 24 modelswereusedfor the 2
tamgetlanguages.

We rst consideredhe effect of the baclend on language
recognitionperformancdor the SVM-only case seeFigure6.
In the gure, we compareheperformancef threesystemsAs
canbe seenthe “raw” SVM scores(i.e., no baclend normal-
ization) performconsiderablyworsethana baclend processed
score.|f we do only LLR normalizationasin (8) on the SVM
scoresthis performssubstantiallybetter Finally, usingthe full
baclendprocesglescribedn Section5 performsthe best.

We next consideredhe performanceof the systemrelative
to a GMM languagerecognitionsystem,seeFigure 7. In the
gure, we seethatthenaw SVM systemis performingcompet-
itively with the state-of-the-arGMM system. The gure also
shaws thefusion of the two systemsFusionwasaccomplished
with the baclend systemdiscussedn Section5. As the gure
illustrates thefusioncombinationvorksextremelywell, signif-
icantly outperformingbothindividual systemsTheequalerror
ratesfor thesedifferentsystemss shavn in Tablel.

Finally, we performedseveral additionalexperimentgo try
to tunethesystem We tried genderdependeninodels.We also
useda full covariancematrixin the GLDS kernelin (6) with an
SDCparameterizatioof 7-1-3-4.Neitherof theseexperiments
improved performance.



RN SVM andGMM systemyieldedfurther substantiafjainsin ac-
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Tablel: EER performancef the systemdor the 30stest

System| EER
SVM | 6.1%
GMM | 4.8%
Fused | 3.2%

7. Conclusion

We have presenteda new languagerecognitionsystembased
uponsupportvector machines.This new approachwasbased
uponshifteddeltacepstrakoefcient andanovel sequencé&er-
nel. Comparisorwith anotherpurely acousticapproachbased
uponthe GMM shaved competitive performance.Fusingthe



