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Abstract: - SupportVectorMachines(SVM) is onesuchmachinelearningtechniquethatlearnsthedecision
surfacethrougha processof discriminationandhasa goodgeneralizationcapacity[6]. SVMs have been
provento besuccessfulclassifiersonseveralclassicalpatternrecogntionproblems[9, 11]. In thispaper, one
of thefirst applicationsof SupportVectorMachines(SVM) techniquefor theproblemof keyword spotting
is presented.It classifiesthecorrectandthe incorrectkeywordsby usinglinearandRadialBasisFunction
kernels.This is a first work proposedto useSVM in keyword spottingin orderto improve recognitionand
rejectionaccuracy. Theobtainedresultsareverypromising.TheEqualErrorRate(EER)for thelinearkernel
is about16,34%comparedto 15,23%obtainedby theradialbasisfunctionkernel.
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1 Introduction
Significant progresshas beenmadein the devel-
opmentof Automatic SpeechRecognition(ASR)
technologyfor continuousspeech. However, for
widespreadconsumerapplications,handlingspon-
taneousspeech,as opposedto strictly prescribed
commandwordsandphrases,remainsa challenge
in thedeploymentof ASRtechnology. In particular,
the characteristicsof spontaneousspeechheavily
contributeto theacousticmismatchbetweenspeech
datausedto train a systemandthe speechinput to
a systemduring its operation.Spontaneousspeech
tendsto containout-of-vocabulary wordsanddisflu-
enciessuchasfilled pausesandfalsestarts.

A recognizermust thusbe able, in first time to
spotakeywordembeddedin speech,in secondtime
to rejectspeechthatdoesnot includeany valid key-
word. However, word spottingandword rejection
areinterrelatedsuchthat a goodword-spottingca-
pability necessarilyimpliesa goodrejectionperfor-
mance.

Several rejection approacheshave been sug-
gestedin previous researchefforts, for rejection
of putative hits in keyword spotting, for detection
of out-of-vocabulary, and for utterancerejection
[15, 16]. For example, we can find the filler (or
garbage)modelswhich aregenerallyemployed to
actasasink for out-of-vocabulary eventsandback-
ground noises. Confidencemeasureis also sup-

posedto representthe reliability of thehypothesis.
It canbe usedin a post-processingprocedurethat
rejectsthe lessreliablehypothesesby thresholding
thecomputedconfidencemeasure[8, 10].

In this paper, a new support vector machine
basedmethod is proposedfor keyword spotting.
The SVMs aregainingpopularitydueto many at-
tractive featuresand promising empirical perfor-
mance. The formulation embodiesthe Structural
Risk Minimisation (SRM) principle, as opposed
to the Empirical Risk Minimisation (ERM) ap-
proachcommonlyemployedwithin statisticallearn-
ing methods. SRM minimisesan upperboundon
thegeneralisationerror, asopposedto ERM which
minimisesthe error on the training data. It is this
differencewhich equipsSVMs with a greaterpo-
tential to generalise,which is our goal in keyword
spotting. TheSVM canbeappliedto bothclassifi-
cationandregressionproblems.[1, 4, 7, 13].

Theorganisationof thispaperis asfollows: Sec-
tion 2 givesa brief descriptionof the basicprinci-
ples of the SVM. The detailsconcerningdatabase
and recognitionsystemare given in section3. In
section4, we presenttheway we useSVM for key-
word spotting. Experimentalresultsaredescribed
in section5, andconclusionsaregivenin section6.



2 Support Vector Machines (SVM)
Supportvectormachineshave beenrecentlyintro-
ducedasanew techniquefor solvingpatternrecog-
nition problems[14, 17, 18]. They performpattern
recognitionbetweentwo point classesby finding a
decision,determinedby certainpointsof the train-
ing set,termedsupportvectors.Thissurface,which
in somefeaturespaceof possibility infinite dimen-
sioncanbeseenasahyperplane.It is obtainedfrom
the solution of the problemof quadraticprogram-
ming thatdependson regularizationparameter.

2.1 The linear separable case
Considertheproblemof separatingthesetof train-
ing vectorsbelongingto two separatedclasses,���������
	����	�����������������������������
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Thegoal is to find thehyperplanethatseparates
thepositive fromthenegativeexamples;theonethat
maximizesthe margin would generalisebetter as
comparedto otherpossibleseparatinghyperplanes.

A separatinghyperplanein canonicalform must
satisfythefollowing conditions:
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Theoptimalseparatinghyperplaneis givenby max-
imizing themargin T givenby theequation:
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To maximizethemargin T , oneneedto minimize:
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The solution to the optimisationproblemis given
by thesaddlepoint of theLagrangefunctional(La-
grangian)
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Where

k
are the Lagrangemultipliers. The La-

grangianhasto be minimizedwith respectto , ,
0

andwith
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0. This problemcaneasilybe trans-
formedinto the dual problem,andhencethe solu-
tion is givenby :
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2.2 The non-linear separable case
In thiscase,thesetof trainingvectorsof two classes
arenon-linearlyseparable.To solve this problem,
Cortex andVapnik [3] introducenon-negative vari-
ables,} �r5o3 , whichmeasurethemiss-classification
errors. Theoptimisationproblemis now treatedas
a minimizationof the classificationerror [8]. The
separatinghyperplanemustsatisfythefollowing in-
equality:� , �-���;�P.1065~.�(2' } �{�R8;: =�%��.�(
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The generalisedoptimal separatinghyperplaneis
determinedby the vector , , that minimizes the
functional,
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Where} ��� } 	�������������� } �)� andC areconstants.
The dual problem correspondingto this case is
slightly differentfrom thelinearseparablecase,the
goalnow is to maximize:�m � _ 	 k!�G'

(
d
�m��w x _ 	 k!��kNx�=���x������;�-�zxM�

subjectto �m � _ 	 k q� =�%�433�Aok!�yA~� E�8g &�I(*����������JK�



2.3 Kernel support vector machines
In the casewherea linear boundaryis inappropri-
ate,the SVM canmapthe input vector into a high
dimensionalspacethroughfunction

� ���P�
, wherethe

SVM constructsa linear hyperplanein thehigh di-
mensionalspace.

Sincefinding theSVM solutionsinvolve thedot
productsof the samplevectors

���{�-��x
, kernel func-

tionsplay a very importantrole in avoiding explicit
producingthemappings,andavoiding thecurseof
dimensionality, so that

� ��������� � ����x+�����������;�-�zxM�
,

i.e.,thedotproductin thathighdimensionalspaceis
equivalentto a kernelfunctionof thecurrentspace
[2, 12] .

In the linear and non-linearcases,the optimal
separatinghyperplanedefinedby , q and

0 q
is de-
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Theclassificationfunctionis :
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Somewidely usedkernelsare:

Linear:
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Polynomial:
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RadialBasisFunction(RBF) :
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3 Database and recognition system
3.1 Database
For training, we use5300sentencesof the French
BREF80 database,pronouncedby 80 speakers.
Thesesentencesare recordedat 16 KHz with 16

bits. Thisis ageneralpurposedatabase,andthesen-
tenceshave no relationshipwith ourapplication.

The test databasecontainsone hour of record-
ing speechof radiobraodcastnews at 16 kHz. It is
segmentedinto fragmentsof durationis 20s. This
recordedspeechhave beenpronouncedby several
speakers(differentfrom thespeakersof thetraining
database).In ourapplicationwechoose10different
keywords.

3.2 Recognition system
The recognizerusedin this work is a speaker in-
dependentHiddenMarkov Model (HMM) system.
The modeledunit is the phone,eachphoneis rep-
resentedby 3-state,strictly left-to-right,continuous
densityHMM. A word is representedby the con-
catenationof phonemodels.Thenumberof proba-
bility densityfunction (pdf) perstateis determined
duringthetrainingphase[5].

The parameterizationis basedon MFCC (Mel-
Frequency CepstralCoefficients) parameters.The
usercanmodify this parameterization: sizeof the
analyzingwindow, shift, numberof triangularfil-
ters,lower andupperfrequency cut-off of thefilter
bank,andnumberof the cepstralcoefficients. Fi-
nally thedelta(thefirst derivation)andacceleration
coefficients(thesecondderivation)areadded.In the
following experiments,theacousticfeaturevectors
arebuilt asfollows : 32msframeswith aframeshift
of 10ms,eachframeis passedthrougha setof 24
triangularband-passfilter resultingin avectorof 35
features,namely11 staticmel-cepstralcoefficients
(
� q is removed),12 deltaand12 deltadeltacoeffi-

cients.
In therecognitionphase,weadjustparametersin

orderto havenodeletionkeywords(asconsequence
we obtainedagreatnumberof insertionkeywords).

4 SVM for keyword Spotting
In thissection,wedescribethewaywehaveutilised
the SVM for the keyword detection. After the
recognitionphase,thegoalis to classifyasequence
of detectedkeywordsinto correctandincorrectkey-
words.

For eachkeyword, we computethe framesas-
signedto eachphonestateandextract theacoustic
features. In order to have good informationabout
the correctnessof a word hypothesis,we mustuse
the featureparametersof eachword. In this case
wechoosethelogarithmof theacousticobservation
likelihood

iD��uNn £ �\¤B¥ Q �G������p to provide a good



classification.

Where
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phone of the spoken
utterancephonesequence.

£¨���>���G�P	�������������� �G��©)�
,

and
¤B¥

belongsto
¤ � �+¤�	��������������������ª¤�«D�

, which
is the acoustic observation sequence for the
utterance. Each

¤f¥
element is equivalent to¤f¥1� �+¤6¬a ¥¯® ������������¤B°� ¥¯® �
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resentrespectively, the beginning and the ending
framesof the
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phone.

For eachphonein thespokenutterance,wecom-
putetheacousticobservationlikelihood,

£±�\¤²¥ Q �N�����
using Viterbi algorithm, then we obtain for each
word a featurevector of dimensionequalsto the
numberof phonesin it.

Thus,for eachkeyword (insertionkeyword, rec-
ognizedcorrectkeyword)wecomputeafeaturevec-
tor which is usedas input for the SVM. However,
SVM systemneedthesamenumberof input for all
keywords.For this reason,we fix thesizeof thein-
put vectorSVM asthelargestword size. In caseof
shorterwords,we completethe featurevectorwith
zeros.

In ourwork theinsertionkeywordbelongsto the
classlabelled-1 andthecorrectkeywordis assigned
to theclasslabelled+1. Thus,we classifythecor-
rectandtheincorrectkeywords.

The SvmFu packagewas used for these ex-
periments. It is available as freeware on :
http://www.kernel-machines.org/

5 Experimental Results
The databaseusedin the secondphaseof our ex-
periments(aftertherecognitionphase)is composed
of 600 keywords for the training data, and 560
keywords for the test data. In this work, we use
linearandRadialBasisFunction(RBF) kernels.

To evaluatetheperformancesof ourrecognizers,
we usetwo evaluationrates:

³ The FalseAcceptanceRatealso called False
Alarm Rate(FAR). It is definedby the equa-
tion :

´¨µ6"7�<¶ �+�{s � ´¨s � �+�oµ �O� �a���asI� � �¶ �+�as � ´¨s � �M�oµB�{����J������
³ The False Rejection Rate (FRR). FRR is

definedby theequation:
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Plotting a graph of FRR versusFAR gives a

Receiver OperatingCharacteristics(ROC)graph.

Figure 1: ROC curves on test datausing a linear
kernelby varyingthevalueof C

Figure2: ROCcurveson testdatausingaRBFker-
nel by varyingthevalueof ¢

The resulting ROC curves, using linear
SVM by varying the value of the parameter

�
,�� >��3z�¹3�(*�^3z�§(*��(*��(�3z��(�3�3��

arepresentedin figure
1.



The EqualError Rate(EER) which is given by
FAR=FRR, is about 16,34% obtained by linear
kernelin case

���43z�§(
For the kernel RBF, we useseveral kernel pa-

rameters ¢ and different parameters
�

: ¢  �I(*��º���(�3z������������� d º*3z� and
�C ¡��3z�¹3�(*�^3z�§(*��(*��(�3z��(�3=3z�

.
We try all combinations. We presentin Table 1
bestresultsobtainedby differentvaluesof thepair�\�j� ¢ � .
Table1: Recognitionaccuracy for RBFkernelSVM
by varyingthevalueof thepair (C, ¢ )

(C, ¢ ) ACC (in %)
(0.01,100) 88,96
(0.1,200) 89,67

(1, 50) 90,56
(1, 90) 93,23
(1, 130) 92,52
(10, 145) 93.95
(10, 185) 94,66
(10, 225) 93.23
(100,200) 92,23
(100,240) 93,59
(100,280) 92,59

As shown in Table1, a recognitionaccuracy of
94,66% wasobtainedwith ¢ �>(�»=º

and
���>(�3

.
Accordingto theseobtainedresults,we decided

to choosethevalue
�¼�½(�3

to achieve next experi-
mentsfor theRBFkernelSVM.

Figure 2 presentsROC curves corresponding
to the performanceobtainedusing RBF kernel by
varyingthevalueof theparameter¢ , with

�7�>(�3
.

As mentioned, in our experiments, we test
several valuesof ¢ , but in order to alleviate the
figure, we chooseto presentonly the interesting
curvesfor ¢  &�I(O¾Iº���(�»=º�� d=d º�� .

Theseresultsdemonstratethat the performance
of the RBF kernel are betterthan resultsobtained
for thelinearSVM.

The EER concerningthe RBF kernel is about
15,23%comparedto 16,34%obtainedby thelinear
kernel.

6 Conclusion
This paperpresentsthe resultsachieved by SVM
techniquesfor thekeyword spottingproblemusing
linearandRBFkernels.Takinginto accountthatis a
first approachusingsupportvectormachinein key-

word spotting,the resultsobtainedseemto bevery
promising.In thenearfuture,featurevectorwill be
adjustedfor eachkeyword in orderto have morein-
formationaboutit. Otherdifferentkerneltypesand
parameterswill beexperimented.
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