Recognition and Reg ection Performance in Wordspotting Systems Using
Support Vector Machines

YassineBen Ayed, DominiqueFohr, JeanPaul Haton,GérardChollet
ENST, CNRS-LTCI, 46 rueBarrault,F75634Pariscedex 13
LORIA/INRIA-Lorraine, BP239,F54506,Vandceuvre
France

Abstract: - SupportVectorMachinegSVM) is onesuchmachindearningtechniquethatlearnsthe decision
surfacethrougha processf discriminationand hasa good generalizatiorcapacity[6]. SVMs have been
provento besuccessfutlassifierson severalclassicalpatternrecogntiorproblemd?9, 11]. In this paperone
of thefirst applicationsof SupportVectorMachines(SVM) techniquefor the problemof keyword spotting
is presentedlt classifiesthe correctandthe incorrectkeywordsby usinglinear and RadialBasisFunction
kernels.Thisis a first work proposedo useSVM in keyword spottingin orderto improve recognitionand
rejectionaccurag. Theobtainedesultsarevery promising.TheEqualError Rate(EER)for thelinearkernel
is about16,34%comparedo 15,23%obtainedoy theradialbasisfunctionkernel.
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1 Introduction

Significant progresshas beenmadein the devel-
opmentof Automatic SpeechRecognition(ASR)
technologyfor continuousspeech. However, for
widespreadctonsumerapplications handlingspon-
taneousspeech,as opposedto strictly prescribed
commandwords and phrasesremainsa challenge
in thedeploymentof ASR technology In particular
the characteristicof spontaneouspeechheavily
contritute to theacoustiomismatchbetweerspeech
datausedto train a systemandthe speechnput to
a systemduring its operation. Spontaneouspeech
tendsto containout-of-vocalulary wordsanddisflu-
enciessuchasfilled pausesandfalsestarts.

A recognizemmustthusbe able,in first time to
spotakeyword embeddedh speechin secondime
to rejectspeechhatdoesnotincludeary valid key-
word. However, word spottingandword rejection
areinterrelatedsuchthat a goodword-spottingca-
pability necessarilympliesa goodrejectionperfor
mance.

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

posedto representhereliability of the hypothesis.
It canbe usedin a post-processingrocedurethat
rejectsthe lessreliable hypothesedy thresholding
thecomputedconfidencameasure[810.

In this paper a new supportvector machine
basedmethodis proposedfor keyword spotting.
The SVMs are gaining popularity dueto mary at-
tractive featuresand promising empirical perfor
mance. The formulation embodiesthe Structural
Risk Minimisation (SRM) principle, as opposed
to the Empirical Risk Minimisation (ERM) ap-
proachcommonlyemplo/edwithin statisticalearn-
ing methods. SRM minimisesan upperboundon
the generalisatiorerror, asopposedo ERM which
minimisesthe error on the training data. It is this
differencewhich equipsSVMs with a greaterpo-
tential to generalisewhich is our goal in keyword
spotting. The SVM canbe appliedto both classifi-
cationandregressiomroblems.[14, 7, 13].

Theorganisatiorof this papelis asfollows: Sec-
tion 2 givesa brief descriptionof the basicprinci-
ples of the SVM. The detailsconcerningdatabase
and recognitionsystemare given in section3. In
sectiond, we presentheway we useSVM for key-
word spotting. Experimentalresultsare described
in section5, andconclusionsaregivenin section6.



2 Support Vector Machines (SVM)
Supportvector machineshave beenrecentlyintro-
ducedasanew technigugor solving patternrecog-
nition problems[14, 17, 18]. They performpattern
recognitionbetweentwo point classedy finding a
decision,determinedby certainpointsof the train-
ing set,termedsupportvectors.This surface,which
in somefeaturespaceof possibility infinite dimen-
sioncanbeseerasahyperplanelt is obtainedrom
the solution of the problemof quadraticprogram-
ming thatdepend®n regularizationparameter

2.1 Thelinear separablecase
Considerthe problemof separatinghe setof train-
ing vectorsbelongingto two separatedlasses,

D = {(z1,y1), - (Tm,Ym) },

wherez; € R" is afeaturevectorandy; € {—1,1}
aclasslabel,with ahyperplaneof equation

wr+b=0

Thegoalis to find the hyperplanghat separates
thepositive from the negative examplestheonethat
maximizesthe magin would generalisebetter as
comparedo otherpossibleseparatindiyperplanes.

A separatindiyperplanean canonicaform must
satisfythefollowing conditions:

wx;+b>1 if y;=1

if yi=-—1
Thesecanbecombinednto onesetof inequalities

w.x; +b< —1

yi(wz; +b) > 1 Vie{l,..,m}

Thedistanceai(w, b, z) of apointz from the hyper
plane(w, b) is,

Theoptimalseparatindiyperplaneas givenby max-
imizing themagin M givenby theequation:

2

M =
[|w]|

min d(w,b, z;)+ max d(w,b,z;) =
zilyi=—1 zilyi=1

To maximizethemagin M, oneneedto minimize:

Dw) =

The solutionto the optimisationproblemis given
by the saddlepoint of the Lagrangeunctional(La-
grangian)
1 m

L(w,b,a) = QWW — ;ai[yi(w.x +b) —1]
Where o are the Lagrangemultipliers. The La-
grangianhasto be minimizedwith respectto w, b
andwith « > 0. This problemcaneasilybetrans-
formedinto the dual problem,andhencethe solu-
tion is givenby :

n 1

040 = argmax Z a; — —

i=1

m
> aiagyiy;(wiz;)
,j=1

with constraints,

a; >0,Viel, ... ,m
m
Y adyi=0
i=1

2.2 Thenon-linear separable case

In this casethesetof trainingvectorsof two classes
are non-linearlyseparable.To solve this problem,
Cortex andVapnik [3] introducenon-n@ative vari-
ables¢; > 0, whichmeasurghe miss-classification
errors. The optimisationproblemis now treatedas
a minimization of the classificationerror [8]. The
separatindnyperplanenustsatisfythefollowing in-
equality:

(w.xi) +b>4+1-&, if y;=+1

(wz)) +b< —-14+&, if yi=-1

The generalisedoptimal separatinghyperplaneis
determinedby the vector w, that minimizes the
functional,

w2 m
i=1
Where¢ = (&4, ....., &y, ) andC areconstants.
The dual problem correspondingto this caseis

slightly differentfrom thelinearseparablease the
goalnow is to maximize:

Ui 1

subjectto

m
Z oYy (Ti-2;)
i,j=1

m
Y yi=0
i=1

0<a; <C Vie{l,..m}



2.3 Kernel support vector machines

In the casewherea linear boundaryis inappropri-
ate,the SVM canmapthe input vectorinto a high
dimensionabpacehroughfunction¢(z), wherethe
SVM constructsa linear hyperplanen the high di-
mensionakpace.

Sincefinding the SVM solutionsinvolve the dot
productsof the samplevectorsz;.z;, kernelfunc-
tionsplay avery importantrole in avoiding explicit
producingthe mappingsand avoiding the curseof
dimensionality so that ¢(z;).¢(z;) = K(zi.z;),
i.e.,thedotproductin thathighdimensionaspaces
equialentto a kernelfunction of the currentspace
[2,12].

In the linear and non-linearcases the optimal
separatinghyperplanedefinedby w° and#° is de-
terminedasfollows :

H:wl.p(z) +b°

where,
w® =" aid(wi)yi
SV
and
W=1—wlz for z; with y;=1
Theclassificatiorfunctionis :

class(z) = Sign(w’.¢(x) + b°)

class(z) = Sign[)_ ayid(xi).¢(x) + b°]
SV

class(z) = Sign[» Ay K (z;.2) + 0]
%

Somewidely usedkernelsare:
Linear: K(z,y) = z.y
Polynomial: K (z,y) = (z.y + 1)¢
RadialBasisFunction(RBF):

|z — y|?
202

]

K(z,y) = exp[—

3 Database and recognition system
3.1 Database

For training, we use5300 sentence®f the French
BREF80 database,pronouncedby 80 speakrs.
Thesesentencesire recordedat 16 KHz with 16

bits. Thisis agenerapurposalatabaseandthesen-
tenceshave no relationshipwith our application.

The test databasecontainsone hour of record-
ing speeclof radiobraodcashews at 16 kHz. It is
sgmentedinto fragmentsof durationis 20s. This
recordedspeechhave beenpronouncedy several
speakrs(differentfrom the spealkersof thetraining
database)ln our applicationwe choosel0 different
keywords.

3.2 Recognition system

The recognizerusedin this work is a speakr in-

dependenHidden Markov Model (HMM) system.
The modeledunit is the phone,eachphoneis rep-
resentedy 3-state strictly left-to-right, continuous
densityHMM. A word is representedby the con-
catenatiorof phonemodels. The numberof proba-
bility densityfunction (pdf) per stateis determined
duringthetrainingphasg5].

The parameterizatios basedon MFCC (Mel-
Frequeng CepstralCoeficients) parameters.The
usercanmodify this parameterization size of the
analyzingwindow, shift, numberof triangularfil-
ters,lower andupperfrequeng cut-off of thefilter
bank, and numberof the cepstralcoeficients. Fi-
nally the delta(thefirst derivation) andacceleration
coeficients(thesecondierivation)areadded.In the
following experimentsthe acousticfeaturevectors
arebuilt asfollows : 32msframeswith aframeshift
of 10ms,eachframeis passedhrougha setof 24
triangularband-pasé§lter resultingin avectorof 35
featuresnamely 11 staticmel-cepstrakoeficients
(Cy is remored), 12 deltaand 12 deltadeltacoefi-
cients.

In therecognitionphaseye adjustparameter
orderto have no deletionkeywords(asconsequence
we obtaineda greatnumberof insertionkeywords).

4 SVM for keyword Spotting

In this sectionwe describehewaywe have utilised
the SVM for the keyword detection. After the
recognitionphasethegoalis to classifya sequence
of detectekeywordsinto correctandincorrectkey-
words.

For eachkeyword, we computethe framesas-
signedto eachphonestateand extract the acoustic
features. In orderto have goodinformation about
the correctnes®f a word hypothesiswe mustuse
the featureparameterof eachword. In this case
we choosehelogarithmof theacousticobsenration
likelihood Log[P(O¢|ph;)] to provide a good



classification.

Where ph; is the i** phone of the spolen
utterancgphonesequencePH = {ph1,.....phn },
and O; belongsto O = {0y, ......... Or}, which
is the acoustic obseration sequencefor the
utterance. Each O; elementis equivalent to
Ot = {0y, -, O¢yy}, Where b[t] and eft] rep-
resentrespectiely, the beginning and the ending
framesof thes*” phone.

For eachphonein thespolenutteranceywe com-
putetheacousticobserationlikelihood,P(O;|ph;)
using Viterbi algorithm, then we obtain for each
word a featurevector of dimensionequalsto the
numberof phonedn it.

Thus,for eachkeyword (insertionkeyword, rec-
ognizedcorrectkeyword) we computeafeaturevec-
tor which is usedasinput for the SVM. However,
SVM systemneedthe samenumberof input for all
keywords. For this reasonwe fix the sizeof thein-
put vectorSVM asthelargestword size. In caseof
shorterwords,we completethe featurevectorwith
zeros.

In ourwork theinsertionkeyword belongsto the
clasdabelled-1 andthecorrectkeywordis assignec.
to the classlabelled+1. Thus,we classifythe cor
rectandtheincorrectkeywords.

The SvmFu packagewas used for these ex-
periments. It is available as freevare on :
http://wwwkernel-machines.gf

5 Experimental Results

The databasaisedin the secondphaseof our ex-
perimentgaftertherecognitionphase)s composet
of 600 keywords for the training data, and 560
keywords for the testdata. In this work, we use
linearandRadialBasisFunction(RBF) kernels.

To evaluatethe performancesf ourrecognizers
we usetwo evaluationrates:

e The False AcceptanceRate also called False
Alarm Rate(FAR). It is definedby the equa-
tion:

Total False Acceptance

FAR =
R Total False Attempts

e The False Rejection Rate (FRR). FRR is
definedby the equation:

Total False Rejection
Total True Attempts

FRR =

Plotting a graph of FRR versusFAR gives a
Recever OperatingCharacteristic6ROC) graph.

Figure1: ROC curweson testdatausing a linear
kernelby varyingthevalueof C
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Figure2: ROC curvesontestdatausinga RBF ker-
nel by varyingthevalueof
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The resulting ROC curwes, using linear

SVM by varying the value of the parameterC,
C € {0.01,0.1,1,10,100} arepresentedn figure
1.



The Equal Error Rate (EER) which is given by
FAR=FRR, is about 16,34% obtained by linear
kernelin caseC = 0.1

For the kernel RBF, we use several kernel pa-
rameterso and different parametersC' : o €
{1,5,10, .....,250} andC € {0.01,0.1,1,10,100}.
We try all combinations. We presentin Table 1
bestresultsobtainedby differentvaluesof the pair
(C,o).

Tablel: Recognitioraccurag for RBFkernelSVM
by varyingthevalueof the pair (C, o)

(C,o) | 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 showvn in Tablel, a recognitionaccurag of
94,66% wasobtainedwith o = 185 andC = 10.

Accordingto theseobtainedresults,we decided
to choosethevalueC = 10 to achieve next experi-
mentsfor the RBF kernelSVM.

Figure 2 presentsROC curwes corresponding
to the performanceobtainedusing RBF kernel by
varyingthevalueof the parametet, with C = 10.

As mentioned, in our experiments, we test
several valuesof o, but in order to alleviate the
figure, we chooseto presentonly the interesting
cunwesfor o € {145,185, 225}.

Theseresultsdemonstrateéhat the performance
of the RBF kernel are betterthan resultsobtained
for thelinear SVM.

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

6 Conclusion

This paperpresentshe resultsachiezed by SVM
techniquedor the keyword spottingproblemusing
linearandRBFkernels.Takinginto accounthatis a
first approachusingsupportvectormachinen key-

word spotting,the resultsobtainedseemto bevery
promising.In the nearfuture,featurevectorwill be
adjustedor eachkeyword in orderto have morein-
formationaboutit. Otherdifferentkerneltypesand
parametersvill be experimented.
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