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Abstract

Supportvectormachines(SVMs) have becomea populartool
for discriminative classi�cation.Powerful theoreticalandcom-
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
sequencesof featurevectors–asequencekernel. We propose
theuseof sequencekernelsfor languagerecognition.Weapply
our methodsto the NIST 2003 languageevaluationtask. Re-
sultsdemonstratethepotentialof thenew SVM methods.

1. Intr oduction
Many successfulapproachesto languagerecognitionhave been
proposed. A classic approachimplementedin the parallel-
phonerecognitionlanguagemodeling(PPRLM)systemof Ziss-
man [1] usedphonetokenizationof speechcombinedwith a
phonotacticanalysisof the outputto classifythe language.A
more recentdevelopmentis the useof methodologiessimilar
to thosein speaker recognition. In theseapproaches,a setof
featuresuseful for languagerecognitionhave beencombined
with theubiquitousGaussianmixturemodelto produceexcel-
lent recognitionperformance[2, 3].

We adopt the methodsof [2] using a purely acousticap-
proach(i.e., no intermediaterepresentationssuchasphonela-
bels). For input features,we useshifteddeltacepstralcoef�-
cients.For classi�cation,weuseuniquesupportvectormachine
(SVM) methodsdesignedfor operatingon sequencedata[4].

The organizationof our paperis asfollows. In Section2,
wediscussthetrainingandtestingscenariofor therecentNIST
LanguageRecognitionevaluation(2003). Section3 describes
our featureset. In section4, we brie�y review SVMs anddis-
cussour approachto languagerecognition. Section4.3 dis-
cussesthe sequencekernel used in more detail. Section5
presentsthe fusion approachapplied. Finally, Section6 dis-
cussesexperimentsandresultsusingthenew system.

2. 2003NIST LanguageRecognition
Evaluation

In 2003,NIST held an evaluationto assessthe currentperfor-
manceof languagerecognitionsystemsfor conversationaltele-
phonespeech.Thebasictaskof theevaluationwasto detectthe
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presenceof a hypothesizedtarget languagegivena segmentof
speech.The target languageswereAmericanEnglish,Arabic,
Farsi, CanadianFrench,Mandarin,German,Hindi, Japanese,
Spanish,Korean,Tamil,andVietnamese.Evaluationof thetask
wasperformedthroughstandardmeasures–adecisioncostfunc-
tion andequalerrorrate.

The training, development, and test data was primarily
drawn from theCallFriendcorpusavailablefrom theLinguistic
Data Consortium(LDC). Training dataconsistedof 20 com-
pleteconversations(nominally 30 minutes)for eachof the 12
target languages.Developmentdatawasdrawn from the1996
NIST LID developmentandevaluationsets.Testdataconsisted
of speechsegmentsof length3, 10,and30seconds.For eachof
thesedurations,1,280utteranceswereavailable;this resultedin
15,360detectiontrials perduration.For moreinformation,we
referto theNIST evaluationplan[5, 6].

3. Featuresfor LanguageRecognition
Oneof thebreakthroughsfor performinglanguagerecognition
usingGaussianmixture modelswas the discovery of a better
featuresetfor languageidenti�cation [2]. Theimprovedfeature
set,shifteddeltacepstral(SDC)coef�cients, areanextensionof
delta-cepstralcoef�cients. Prior to theuseof SDCcoef�cients,
GMM-basedlanguagerecognitionwaslessaccuratethanalter-
nateapproaches[1].

SDCcoef�cients arecalculatedasshown in Figure1. SDC
coef�cients arebaseduponfour parameters,typically writtenas
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eter � determinesthe spreadover which deltasarecalculated,
and the parameter� determinesthe gapsbetweensuccessive
deltacomputations.I.e., for a giventime, � , we obtain
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Figure1: Shifteddeltacepstralcoef�cients
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4. Support Vector Machinesfor Language
Recognition

4.1. Support Vector Machines

A supportvector machine(SVM) [7] is a two-classclassi�er
constructedfrom sumsof a kernelfunction � �
� ��� � ,
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are supportvectorsandobtainedfrom the
training setby an optimizationprocess[8]. The target values
areeither � or %#� dependinguponwhetherthecorresponding
supportvectoris in class� or class� . For classi�cation,a class
decisionis basedupon whetherthe value,

�

��� � , is above or
below a threshold.

Thekernel � �
� ��� � is constrainedto have certainproperties
(theMercercondition),sothat � �
� ��� � canbeexpressedas
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where % ���&� is a mappingfrom the input space(where � lives)
to a possiblyin�nite dimensionalspace.

The optimizationcondition relies upon a maximummar-
gin concept,seeFigure2. For a separabledataset,thesystem
placesa hyperplanein a high dimensionalspacesothatthehy-
perplanehasmaximummargin. Thedatapointsfrom thetrain-
ing setlying on theboundaries(asindicatedby solid line in the
�gure) arethesupportvectorsin equation(3). Thefocusthenof
theSVM trainingprocessis to modeltheboundaryasopposed
to atraditionalGaussianmixturemodelwhichwouldmodelthe
probabilitydistributionsof thespeaker (agenerative approach).
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Figure2: Supportvectormachineconcept

')(+*-,/. 0
1 2�1 243

576 3�89. 1 : ;�<

= 2
3 6 1 >�;@?9: : A
. 0�2
B�A@C

= 2
3 6 1 >�;@?9: : A
. 0�2
B�AED

F

= 2
3 6 1 >�;G?): : A
. 0
2
B�AIH

5 . 0
J�1 B@?9: : A
. 0�24B�A@C

F

5 . 0
J�1 B@?9: : A
. 0�2
B�A@H

F

(+1 AK:L2
04<IAM>4A@?9: : A
. 0
24B�A@C

F

(N1 AK:L2404<GAM>4AE?/: : A4. 0
24B�A@H

OQP RNS+SUT

OQP R+S�SWV

XZY�[�']\�A
. 24A 6

*^8�_)` 6 A

a�b)ced f g�h]i)j/b)c+k�j)c/l

mon/p9l�d

*^8�_�A 6

qe8�<or40�BK:L1 8)2

Figure3: Trainingstrategy
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Figure4: LanguagerecognitionusingSVMs

4.2. SVMs for LanguageRecognition

In orderto usesupportvectormachinesfor languagerecogni-
tion, two issuesmustberesolved. First,we musthave a frame-
work for usingtheSVM asa multiclassclassi�er. Second,the
SVM mustbeableto handlesequencesof featurevectors(i.e.,
sequencesof SDC coef�cients) in order to performclassi�ca-
tion.

The�rst issue,handlingmulticlassdata,is straightforward.
We usea “one vs. all” strategy asshown in Figure3. The �g-
ureshows anexampleof training for anEnglishmodel. In the
�gure, we useEnglishfor class� data,andthe remaininglan-
guagesareusedfor class� data.This trainingdatais processed
with a standardSVM optimizer(we have usedSVMTorch[8])
usingour kernel,the GLDS (GeneralizedLinear Discriminant
Sequence)kernel.TheresultingSVM modelis reducedin size
andthatprocessproducesanEnglishlanguagemodel.For other
languages,theprocessis analogous.

After obtainingthe target languagemodels,we can then
combinethemtogetherto producea languagerecognitionsys-
tem. The result is shown in Figure4. Speechis input into the
SVM languagerecognitionsystem,shifted delta cepstralfea-
turesareextracted.ThenanSVM for eachof the12 language
modelsis appliedto the featurevectorsequenceeachproduc-
ing a score(a singlenumber).Thesescoresarethenprocessed
usingabackendfusionsystem[2].

4.3. SequenceKernels

A secondissuefor successfulSVM languagerecognitionimple-
mentationis theability of thesystemto handlesequencedata.
Oursolutionis to implementsequencekernels. Thatis,wecon-
structa kernel, � �
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Figure5: Sequencekernel
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� . Themainissuesin constructing
akernelare(1) to satisfytheMercercondition,and(2) makethe
kernela relevantcomparisonbetweentwo sequences.

Our basicapproachto kernelconstructionis shown in Fig-
ure5. To comparetwo utterances,we �rst performfeatureex-
tractionto producetwo sequencesof featurevectors.Fromthe
�rst utterance,we �nd a modelusingonly thedatafrom theut-
terance.Onemight think this is an ill-conditionedprocess,but
typically this is doneby adaptingfrom a “backgroundmodel.”
After �nding a model T from the �rst utterance,this modelis
thenusedto scorethesecondutteranceusinga generalizedlin-
eardiscriminant,T 	

% ��$

�

� . Theoutputis a scorewhich is our
kernelvalue.

Thegeneralizedlinear discriminantT 	�% ��$
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� is simply an
inner productbetweena model and a set of basisfunctions,
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We choosemonomials up to a given degree for the basis
functions in this paper(an examplebasisfunction would beX/Y� Z �

XB[� Z Y X � Z \ ). Otherbasessuchas radial basisfunctions,etc.,
couldbeused.

Thekernelresultingfrom Figure5 canbewrittenas
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and
c

%�f is de�ned in ananalogousmannerto (7).
ce

is a corre-
lation matrix derived from a largebackgroundpopulation.We
refer to (6) as the GeneralizedLinear DiscriminantSequence
(GLDS) kernel[4]. Notethat(6) satis�estheMercercondition
sincewe have aninnerproduct.

5. Fusion
Fusion was performedusing a backend classi�cation system
commonlyusedin languagerecognitionsystems[1, 9]. The
backendsystemconsistsof threeparts(appliedin thelistedor-
der): a featuretransformationcomponent,a set of Gaussian
classi�ers (equal to the numberof target languages),and �-
nally a log-likelihoodratio (LLR) normalization.Thebackend
takesthetargetlanguagescoresfrom all availableclassi�ersand
mapsthemto 12 targetlanguagescores.

Thefeaturetransformationis trainedfrom thedevelopment
setincludedin theNIST distribution. Lineardiscriminantanal-
ysis(LDA) hasbeenusedfor this task.TheGaussianclassi�ers
arealsotrainedfrom thedevelopmentdata;a globalcovariance
is used.

As a last stepin the backend, the scoresareconvertedto
log-likelihoodratios. Supposel � , 
 


 , l V arethescoresfrom
the m languagemodelsfor a particularmessage.To normalize
thescores,we �nd new scores,lon � givenby
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6. Experiments
Experimentswereperformedusing the NIST LRE evaluation
dataand the primary evaluationcondition. We focuson lan-
guagedetectionfor the30secondcase.Thisresultedin 960true
trialsand10,560falsetrials.

For the SVM system,SDC featureswere extractedas in
Section3. Our primary representation

�

- � - � - � was7-1-3-7.
This representationwasselectedbaseduponprior excellentre-
sultswith this choice[2, 9]. After extractingtheSDCfeatures,
non-speechframeswereeliminated,andeachfeaturewasnor-
malizedto mean� andvariance� onaperutterancebasis.This
resultedin a sequenceof featuresvectorsof dimension~�� for
eachutterance.

The SVM systemusedthe GLDS kernel as describedin
Section4.3with a diagonalcovariancematrix

ce
. All monomi-

alsupto degree3 wereusedin theexpansion% ���&� ; thisresulted
in anexpansiondimensionof 22,100.

For contrast,we compareour SVM systemto a Gaus-
sianMixture Model (GMM) languagerecognitionsystem.The
GMM systemsetupanddescriptionaregiven in [9]. Brie�y ,
eachlanguagemodelconsistedof a GMM with ����~�� mixture
components.SDC featureswereextractedusing the parame-
ter speci�cation7-1-3-7; the featureswerepost-processedus-
ing thefeaturemappingtechnique[10]. Languagemodelswere
genderdependent,soa total of �8~ modelswereusedfor the �8�
targetlanguages.

We �rst consideredthe effect of the backendon language
recognitionperformancefor theSVM-only case,seeFigure6.
In the�gure, wecomparetheperformanceof threesystems.As
canbe seen,the “raw” SVM scores(i.e., no backendnormal-
ization)performconsiderablyworsethana backendprocessed
score.If we do only LLR normalizationasin (8) on theSVM
scores,this performssubstantiallybetter. Finally, usingthefull
backendprocessdescribedin Section5 performsthebest.

We next consideredtheperformanceof thesystemrelative
to a GMM languagerecognitionsystem,seeFigure7. In the
�gure, we seethatthenew SVM systemis performingcompet-
itively with the state-of-the-artGMM system.The �gure also
shows thefusionof thetwo systems.Fusionwasaccomplished
with thebackendsystemdiscussedin Section5. As the �gure
illustrates,thefusioncombinationworksextremelywell, signif-
icantly outperformingbothindividual systems.Theequalerror
ratesfor thesedifferentsystemsis shown in Table1.

Finally, weperformedseveraladditionalexperimentsto try
to tunethesystem.Wetriedgenderdependentmodels.Wealso
useda full covariancematrix in theGLDSkernelin (6) with an
SDCparameterizationof 7-1-3-4.Neitherof theseexperiments
improvedperformance.
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Figure6: Comparisonof differentstrategiesfor thebackendfor
SVM-only languagerecognition
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Figure7: Performanceof threedifferentsystemson the NIST
2003languagerecognitionevaluationfor 30sdurationtests

Table1: EERperformanceof thesystemsfor the30stest

System EER
SVM 6.1%
GMM 4.8%
Fused 3.2%

7. Conclusion
We have presenteda new languagerecognitionsystembased
uponsupportvectormachines.This new approachwasbased
uponshifteddeltacepstralcoef�cient andanovel sequenceker-
nel. Comparisonwith anotherpurely acousticapproachbased
uponthe GMM showed competitive performance.Fusingthe

SVM andGMM systemyieldedfurthersubstantialgainsin ac-
curacy. Overall,we have demonstratedtheinterestingpotential
of thenew approach.A fertile areafor futurework is tuningthe
SDCfeaturesandbackendmethodsto theSVM approach.
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