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Abstract— We propose a generic recognition system based
on support vector machines. The system is capable of performing
continuous time recognition, whether it be digits or phonemes.
The heart of the system is a parameterized time aligned kernel
which is tailored to discriminate each digit/phoneme and hence
gives a novel way to estimate/improve performance. The scheme
is fully scalable, however the complexity of the system increases
with O(N?) which can be reduced by trading off the recognition
performance.

|. INTRODUCTION

SupportVectorMachines(SVM) areuniversallearningma-
chineswhich asymptoticallycorverge to a bayesclassifier
given sufficient amountof training data [2]. Basedon the
statisticaltheoreticframewvork mostof the SVM classifierde-
signedassumehefollowing

¢ The input datapoints are chosenindependentlyof each
othetr

e Thedimensionof theinputdataareall equal.

e Kernel incorporatesall the prior knowledge about the
data.

In principle therole of the kernelin ary supportvectorma-
chineimplementatioris of utmostimportance.A kernelim-
plicitly computesininnerproductbetweertwo datavectorsin
featurespace.andhenceit givesa metric of similarity or dis-
similarity of two vectorpoints. Henceary prior discriminatory
knowledgethatwe have aboutthe data,hasto be embeddedn
thekernel.

In this paperwe presenta recognitionsystembasedon such
akernelthatcanhandlemisalignmenbf inputdatain time and
asaresultgeneratescoreghatreflectinherenttime trajectory
similarity. Previouswork , covering phonemeecognitionhas
beenprimarily to generatefixed dimensioninput vectorsbhy
concatenatingpeectramesin time andthenusing SVMs for
classification Howeverwe would like to generalizeheabove
framawork to handlelarge speectsegmentdik e digitsinto our
study

Sectionl gives a brief introductionto supportvector ma-
chines. Sectionll explains how time alignedkernelfits into
the SVM framework. Sectionlll explainsthe designof the

time alignedkernelSectionlV givessomeperformancevalu-
ationfor therecognitionsystemandSectionV providesfuture
insightsandconclusions.

Il. SUPPORT VECTOR MACHINES

In its basicform, anSVM classifiesa patternvectorz based
onthetrainingdatapointsz, andcorrespondindabelsy, into
classe{—1,+1} basednthesignofy in

L
y=> Ay K(x,x)—b

=1
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where K (-,-) is a symmetric positive-definite kernel func-
tion which can be freely chosensubjectto fairly mild con-
straints[6]. Severalwidely usedclassifierfunctionsreduceto
specialvalid formsof kernelfunctions,like polynomialclassi-
fiers, multilayer perceptrony andradial basisfunctions. The
obtainedsupportvectorsare found to be almostinvariantto
the type of kernelfunction used[2], which indicatesthat the
choiceis notcritical to classificatiorperformance.

The parameters\, andb are determinedby a linearly con-
strainedquadraticprogrammingproblem|[2], [3], which can
be efficiently implementedoy meansof a sequencef smaller
scalesubproblenoptimizationg5]. Thekey pointfor efficient
implementatiorof the SVM is thattypically only a smallfrac-
tion of the A, coeficientsarenon-zero.In otherwords,only a
smallsetof supportvectoss (“prototypical” datapointsx, with
non-zero)\,) areneededn the classificatiorof y.

Figure(1) shavstheprinciplebehindsupportvectormachine
whereinput datapointswhich may be non-linearlyseparable
aremappednto a higherdimensionakpaceusinganonlinear
mappingimplicit in the kernelfunction, andthenestimating
themaximalmarmgin hyperplanein this featurespace.

I11. PROBLEM DEFINITION AND MOTIVATION DYNAMIC
TIME ALIGNMENT

Given a sequenceof vectorszy, T3, .., T, .. and its corre-
spondinglabelsy, yo, ...y, .., we wish to train a machineof
theform

fZ)=wlZn+wi T+ +w T +b (2

Lwith logistic sigmoidal activation function, for particularvaluesof the
thresholdparametepnly
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Fig. 1. Principle behindsupportvectormadine Thetop figure is the origi-
nal data spaceand the bottomfigure is the featue spaceafter the non-linear
transformation Notethatthedatais linearly sepaablein featue space

wherew andb representshe parameterso be estimatedrom
thetrainingdata. Thusthe outputof the SVM at time instant
n notonly depend®nthe currentfeaturevectorz,, but alsoon
the pastp vectors.

By minimizing the costfunction asin a soft mamgin SVM
classifier framavork we obtain the following primal con-
strainedcostfunction

' 12 \ l
min L:§Z|wk| +C’Znn ?3)
k=0 n=1
p
yn(z WrTn—k +b) > 1—1n, (4)
k=0
M >0 ®)
andits correspondinglual
N 1 P
marM = Z Ap — § Z aiajyz-yj(z fiT_kfj_k) (6)
n=1 i,j=1 k=0
N
dawi=0 (7)
i=1
0<a; <C (8)

where a are the lagrangemultipliers correspondingo each
constraints.

As we canseethatthe dualleadsthe formulationof anauto-
regressvetypeof kernel>"»_  Z7_, Z;_, which measureshe
correlationbetweenary two time instances andj basedon
the currentvectorandits k" history.

Our aim is to make the auto-r@ressve kernelmoregeneral
to incorporateime alignmentwhich will handlemisalignment
dueto variability of datageneration/ike speech. Therefore
oneneeddo introduceawarpingfunctionthatgenerateproper
alignmentbetweendata points before comparingthem. We
proposea dynamictime alignmentkernelto handlethe prob-
lem.

To generalizethe above framework to handlespeechsegy-
mentswe assigncostC), to labelsateachtimeinstantn. Then

costfunctionin(5) is modifiedto

P l

min L= %Z|wk|2 + ZCnnn

k=0 n=1
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This is a valid approachespeciallyfor speechrecognition
systemwherethe labelsare known only after the end of the
speectsggment.For simplicity we have assumed’,, € 0,1 in
this paper Moreover this approackHits in perfectlywith digit
recognitionapproachwherewe know thelabels( digits) only
after we have received the whole utterance.Hencea positive
costis attachednly attheendof thedigit utteranceThis also
hasan addedadvantageof reducingthe computationatostin
training becauseero costeliminatesmost of the datapoints
andleadsto a sparsequadraticprogramin the dual(8).

IV. FRAMEWORK FOR TIME ALIGNED KERNELS

In designof time aligned kernel we imposethe following
constraints.

e The kernel shouldmap two vectorsof differentlengths
into arealvalue,similar vectorsshouldgethigh value.

e Thekernelshouldincorporatetime alignmentto account
for local misalignmenin featurevectors.

e Therealvalueobtained, shouldrepresenthetotal score
overtheinterval of comparison.

To performlocal matchbetweentwo featurevectorsz; and
y; we useanormalizedgaussiarkernel.If thenormof thetwo
inputfeaturevectorsarekeptconstanthenthegaussiarkernel
resultsin exponentiationof a dot productkernelgiven by the
following equation

K(zi,y:)) = €$P(_(xi_yi)aT(wi_yi)) (10)
—aTe —yTu T,
= eap(~TE  enp(“U Y eap( T V)
T,,.
= Ceap(2V3) (12)

Theprimaryadwantageof usingtheexponentiatiorof thedot
productkernelis thatit reduceghenoisefloor by boostingthe
highervalues.

To incorporatealignmentinto the kernelwe usea shift win-
dowing techniqueasfollows

e Giventwo sequencef vectorsX andY we first choose
thesmallestengthvectorof thetwo. Withoutlossof gen-
erality denotethis vectorby X.

e Takingthefirst featurevectorz, of the chosersequence
X, andcomputethe bestlocal matchof this vectorin se-
guenceY over awindow of predeterminedize denoted



by p units. Initially the window startsfrom y;. Let the
bestmatchbe denotedy y, wherel < k < p.

e Selecthenext featurevectorz, andrepeatheabovepro-
cedureexceptthatthe matchwindow now startsfrom in-
dex k insteadof 1 aspreviously.

e Repeatheaboreprocedurdill we have obtainedwo vec-
tors X andY " which areof the samelength. We then
sumuptheirlocal scoresandnormalizethemusingequa-
tion (13).

— N QxTyT‘ew
K(X,Y)=C/N)_ eep(— ) (13)

V. SVM DIGIT RECOGNIZER DESIGN USING TA-KERNEL

We followeda one-vs-onepproacho designclassifierghat
aretrainedto discriminatebetweenary two digits ,hencere-
sultingin 45 SVMs. We chosethis approactbecause

¢ Differentdigitsrequiredifferentkernelparameterss and
window sizefor betterdiscrimination.For exampleto dis-
criminatedigit oneandfour, the detectionof thefricative
[fl carrieslot of importance.Hencewe needto choosea
smallerwindow sizefor this particularmachine.This re-
sultsin designingbetterkernelsfor eachmachinewhich
in turnsreduceghe numberof supportvectorsandhence
trainingtime andgeneralizatiorerror.

e Eachindividual SVM is trainedon a smallsubsebf total
data.Hencetrainingis muchfaster

e Eachof the classifierperformancecanbe boostedoy us-
ing avoting algorithmat the outputstage.

We then combinedthe 45 machinesinto a voting stageas
shawvn in (2). Thevoting algorithmthatwe useassigndixed
weightsto the output of eachSVM basedon generalization
performanceof individual machines.For simplicity we chose
the generalizatiorerror proportionalto the fraction of support
vectors(S;,;) for a machinetrainedto discriminatebetween
digit s andj. TheoutputD of the outputstageis givenby

D = argmaz;0; (14)
O0i = Y wijfij (15)
J
—S. /T
Wi j sgn; cap(=5:;/T) (16)

Iy i siexp(=Si;/T)

whereT is thetotal datausedto traineachmachineandk— > i
denoteghe machineghathave beentrainedwith digits corre-
spondingto i. sgni,j denoteghe polarity of the outputi and
fi,; correspondso the SVM output.
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Fig. 2. Recgnizerarchitectue usedfor, whee eath one-vs-onelassiferis
connectedo the outputstage by weightsthat are determinedby the geneal-
izationperformanceof eah madines.

V1. EVALUATION AND RESULTS

For our experimentswe chose100 utterance®f eachdigit
from oneto nine. We thenobtainedl2 mel-cepstraoeficients
for a windowed speechsegmentof 25msduration. The data
wasthen separatednto 80 instancesof training dataand 20
instance®f testdata. Out of the 80 instance®f training data
40 of the utterancesverefrom menandrestfrom women.We
thenobtained12 mel-cepstracoeficientsfor a windowed As
we will show thatthetime alignedkernelis ableto distinguish
betweerthesemaleandfeminineutterancesFigure(3) shavs
thekernelmatrix usedfor trainingthe SVM. Thefirst 40 digits
were from utteranceof one andthe restwere from utterance
two. Moreoverthe gray scaleusedfor depictingthe matrix as-
signslighter colorto highervaluesanddarker for lowervalues.
As we canseethatthe matrix is approximatelyin a block di-
agonalform, which meanghatthekernelis ableto projectthe
utterancesnto two oppositesidesof a hyperplaneandit is
upto the maximalmamin propertyof the SVM formulationto
find the optimalone.

Tablel andll givestheindividual performancef eachone-
vs-oneclassifier For this preliminarywork we chosethe tun-
ing paramete( C, o ) to be constaneamongstll the classifier
Hencethesefigurescanbe greatlyimproved.

Once all the individual one-vs-oneclassifieris combined
throughan outputvoting stagewe geta higherrecognitioner-
ror rate as expected. However we believe by careful tuning
of individual machineghesefigurescanbe greatlyimproved.
Currently without propertuning of the kernelparametersve
areableto achiese 78performance.



TABLE |
Respectie estimatedyeneralizatiopperformancdor individual one-vs-onelassifiersNote the

generalizatiomperformancas thefractionof supportvectorsfor thatmachine

(1] 2 [ 3] 4[5 ][6 [ 7 ]8]9]
x| 026 03 ]045|0.44|0.31|0.29|0.27| 04
X X 0.33| 0.3 |0.27| 0.42| 0.32| 0.32| 0.23
X X X 0.35| 0.31] 0.35| 0.35| 0.34 | 0.35
X X X X 0.32)032] 032|033 03 Fig. 3. Kernelmatrix plot for 80 utterancesof digit 1 and80 utterancesof digit
X X X X X 0.22| 0.35| 0.25| 0.45|| 2. Notethe bloc diagonal form of the matrix depictingthe discriminative
% X % X % X 0.4 | 0.31| 0.26 || powerof thekernel. Also notethe sub-blo&s in ead blok diagonal which
X X X X X X X 0251 0.33 correspondso the utterancesfrommalesandfemales.
X| X X X X X X x |0.26 VII. CONCLUSIONS AND FUTURE WORK
We proposeda novel approacho designrecognitionsystem
wherein individualelementsanbetunedto optimizetheover
all performance.Sincetheseresultsareall preliminary there
is lot of scopeof improvement.We enlistthe following items
for future study
e Optimalway to tunethe parametersf individual one-vs-
onemachineto optimizethe overall performance.
e Bettervoting algorithm that can minimize the effect of
machineghathave poorgeneralizatiorperformance.
e Apply the abose methodto phonemerecognitiontask
TABLE II wherethe role of the tuning parametersvould be more

importantto discriminatebetweenfricatives, stopsand
vowels. We believe becausewne have a bigger training
andtestsetusing TIMIT databaseve would be ableto
getmorereliable estimateof the performanceof this ap-

Respectie Error rateson testsetfor individual one-vs-onelassifiers Notethe high errorratesfor

someof theclassifieravhichis dueto improperchoiceof tuning parameters
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