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— 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 �������� which can be reduced by trading off the recognition
performance.

I . INTRODUCTION

SupportVectorMachines(SVM) areuniversallearningma-
chineswhich asymptoticallyconverge to a bayesclassifier,
given sufficient amountof training data [2]. Basedon the
statisticaltheoreticframework mostof theSVM classifiersde-
signedassumethefollowing

� The input datapointsarechosenindependentlyof each
other.� Thedimensionof theinputdataareall equal.� Kernel incorporatesall the prior knowledge about the
data.

In principle the role of thekernelin any supportvectorma-
chine implementationis of utmostimportance.A kernel im-
plicitly computesaninnerproductbetweentwo datavectorsin
featurespace.andhenceit givesa metricof similarity or dis-
similarity of two vectorpoints.Henceany prior discriminatory
knowledgethatwe haveaboutthedata,hasto beembeddedin
thekernel.

In this paperwe presenta recognitionsystembasedon such
akernelthatcanhandlemisalignmentof inputdatain timeand
asa resultgeneratescoresthat reflectinherenttime trajectory
similarity. Previouswork , coveringphonemerecognitionhas
beenprimarily to generatefixed dimensioninput vectorsby
concatenatingspeechframesin time andthenusingSVMs for
classification. Howeverwewould like to generalizetheabove
framework to handlelargespeechsegmentslikedigits into our
study.

SectionI gives a brief introduction to supportvector ma-
chines. SectionII explainshow time alignedkernelfits into
the SVM framework. SectionIII explains the designof the

timealignedkernelSectionIV givessomeperformanceevalu-
ationfor therecognitionsystem,andSectionV providesfuture
insightsandconclusions.

I I . SUPPORT VECTOR MACHINES

In its basicform, anSVM classifiesa patternvector � based
on thetrainingdatapoints ��� andcorrespondinglabels ��� into
classes�����! #"$�!% basedon thesignof y in
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where /81:9  9;4 is a symmetric positive-definitekernel func-
tion which can be freely chosensubjectto fairly mild con-
straints[6]. Severalwidely usedclassifierfunctionsreduceto
specialvalid formsof kernelfunctions,likepolynomialclassi-
fiers,multilayerperceptrons, , andradialbasisfunctions. The
obtainedsupportvectorsare found to be almost invariant to
the type of kernel function used[2], which indicatesthat the
choiceis notcritical to classificationperformance.

The parameters
. � and 6 aredeterminedby a linearly con-

strainedquadraticprogrammingproblem[2], [3], which can
beefficiently implementedby meansof a sequenceof smaller
scalesubproblemoptimizations[5]. Thekey point for efficient
implementationof theSVM is thattypically only a smallfrac-
tion of the

. � coefficientsarenon-zero.In otherwords,only a
smallsetof supportvectors (“prototypical” datapoints 3 � with
non-zero

. � ) areneededin theclassificationof � .
Figure(1) showstheprinciplebehindsupportvectormachine

whereinput datapointswhich may be non-linearlyseparable
aremappedinto a higherdimensionalspaceusinga nonlinear
mappingimplicit in the kernelfunction , andthenestimating
themaximalmargin hyper-planein this featurespace.

I I I . PROBLEM DEFINITION AND MOTIVATION DYNAMIC

TIME ALIGNMENT

Given a sequenceof vectors �<,= �?>! A@B@C �ED: F@C@ and its corre-
spondinglabels �G,� H�
>� F@C@C@ ��DI A@B@ , we wish to train a machineof
theformJ

1 KL4 &NMLOP �?Q�"RMSO, �EQGTU,V"W@B@="7MSOX �EQYT X T�,V"26 (2)Z
with logistic sigmoidalactivation function, for particularvaluesof the

thresholdparameteronly
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Fig. 1. Principle behindsupportvectormachine. Thetop figure is the origi-
nal dataspaceandthebottomfigure is the feature spaceafter thenon-linear
transformation.Notethat thedatais linearly separablein feature space.

where M and 6 representstheparametersto beestimatedfrom
thetrainingdata. Thustheoutputof theSVM at time instant` notonly dependsonthecurrentfeaturevector �<Q but alsoon
thepasta vectors.

By minimizing the cost function as in a soft margin SVM
classifier framework we obtain the following primal con-
strainedcostfunction
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andits correspondingdual

bdr �?st&vu)Q�*-,Yw Q � �f u)xzy { *-, w x w { � x � { 1
X)g *�h � Ox T g � { T g 4 (6)

u) x *-, w x � x & p (7)

p}| w x | j (8)

where w are the lagrangemultipliers correspondingto each
constraints.

As we canseethatthedualleadstheformulationof anauto-
regressive typeof kernel ~ X g *Uh � Ox T g � { T g which measuresthe
correlationbetweenany two time instancesc and � basedon
thecurrentvectorandits �G�z� history.

Our aim is to make the auto-regressive kernelmoregeneral
to incorporatetimealignmentwhichwill handlemisalignment
due to variability of datageneration,like speech.Therefore
oneneedsto introduceawarpingfunctionthatgeneratesproper
alignmentbetweendatapoints beforecomparingthem. We
proposea dynamictime alignmentkernelto handlethe prob-
lem.

To generalizethe above framework to handlespeechseg-
ments,weassigncost jmQ to labelsateachtimeinstant̀ . Then

costfunctionin(5) is modifiedto

bdc+` e & �f X)g *�h
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This is a valid approachespeciallyfor speechrecognition
systemwherethe labelsareknown only after the endof the
speechsegment.For simplicity we haveassumedj Qd��p  A� in
this paper. Moreover this approachfits in perfectlywith digit
recognitionapproachwherewe know thelabels( digits ) only
after we have received the whole utterance.Hencea positive
costis attachedonly at theendof thedigit utterance.Thisalso
hasanaddedadvantageof reducingthecomputationalcostin
training becausezerocosteliminatesmostof the datapoints
andleadsto a sparserquadraticprogramin thedual(8).

IV. FRAMEWORK FOR TIME ALIGNED KERNELS

In designof time alignedkernel we imposethe following
constraints.� The kernel shouldmap two vectorsof different lengths

into a realvalue,similar vectorsshouldgethighvalue.� Thekernelshouldincorporatetime alignmentto account
for localmisalignmentin featurevectors.� Therealvalueobtained, shouldrepresentthetotal score
over theinterval of comparison.

To performlocal matchbetweentwo featurevectors� x and� x weuseanormalizedgaussiankernel.If thenormof thetwo
input featurevectorsarekeptconstantthenthegaussiankernel
resultsin exponentiationof a dot productkernelgivenby the
following equation

/21 � x  H� x 4 & �A�
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Theprimaryadvantageof usingtheexponentiationof thedot
productkernelis thatit reducesthenoisefloor by boostingthe
highervalues.

To incorporatealignmentinto thekernelwe usea shift win-
dowing techniqueasfollows� Given two sequenceof vectors� and � we first choose

thesmallestlengthvectorof thetwo. Without lossof gen-
erality denotethis vectorby � .� Taking thefirst featurevector � , of thechosensequence� , andcomputethebestlocal matchof this vectorin se-
quence� over a window of predeterminedsizedenoted



by a units. Initially the window startsfrom ��, . Let the
bestmatchbedenotedby � g where � | � | a .� Selectthenext featurevector � > andrepeattheabovepro-
cedureexceptthat thematchwindow now startsfrom in-
dex � insteadof � aspreviously.� Repeattheaboveproceduretill wehaveobtainedtwo vec-
tors � and � Q
�I� which areof thesamelength. We then
sumuptheir local scoresandnormalizethemusingequa-
tion (13).

/ � 1 �R � 4 &�j���� u) � ���
a 1 f � Ox � Q
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V. SVM DIGIT RECOGNIZER DESIGN USING TA-KERNEL

We followeda one-vs-oneapproachto designclassifiersthat
aretrainedto discriminatebetweenany two digits ,hencere-
sultingin 45 SVMs . We chosethisapproachbecause

� Differentdigitsrequiredifferentkernelparameters, � and
window sizefor betterdiscrimination.For exampleto dis-
criminatedigit oneandfour, thedetectionof thefricative
/f/ carrieslot of importance.Hencewe needto choosea
smallerwindow sizefor this particularmachine.This re-
sultsin designingbetterkernelsfor eachmachinewhich
in turnsreducesthenumberof supportvectorsandhence
trainingtimeandgeneralizationerror.� EachindividualSVM is trainedon a smallsubsetof total
data.Hencetrainingis muchfaster.� Eachof theclassifierperformancecanbeboostedby us-
ing a votingalgorithmat theoutputstage.

We then combinedthe 45 machinesinto a voting stageas
shown in (2). The voting algorithmthatwe useassignsfixed
weightsto the output of eachSVM basedon generalization
performanceof individual machines.For simplicity we chose
thegeneralizationerrorproportionalto thefractionof support
vectors( � x�y { ) for a machinetrainedto discriminatebetween
digit c and � . TheoutputD of theoutputstageis givenby� & �!��� b�r � x+�Sx (14)� x & ) { M x�y {

J x�y { (15)

M xzy { & �F�G` x�y { ���!a 1 �S� xzy { ��� 4~ g T5� x ���!a 1 �S� xzy { ��� 4 (16)

whereT is thetotaldatausedto traineachmachineand �<� � c
denotesthemachinesthathave beentrainedwith digits corre-
spondingto c . �F��`�c  +� denotesthepolarity of theoutput c and
J xzy { correspondsto theSVM output.
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Fig. 2. Recognizerarchitecture usedfor, where each one-vs-oneclassiferis
connectedto theoutputstage by weightsthat are determinedby thegeneral-
izationperformanceof each machines.

VI. EVALUATION AND RESULTS

For our experimentswe chose100 utterancesof eachdigit
from oneto nine.Wethenobtained12mel-cepstracoefficients
for a windowed speechsegmentof 25msduration. The data
was thenseparatedinto 80 instancesof training dataand20
instancesof testdata.Out of the80 instancesof trainingdata
40 of theutteranceswerefrom menandrestfrom women.We
thenobtained12 mel-cepstracoefficientsfor a windowed As
wewill show thatthetimealignedkernelis ableto distinguish
betweenthesemaleandfeminineutterances.Figure(3) shows
thekernelmatrixusedfor trainingtheSVM. Thefirst 40digits
were from utteranceof oneandthe restwere from utterance
two. Moreover thegrayscaleusedfor depictingthematrix as-
signslightercolor to highervaluesanddarkerfor lowervalues.
As we canseethat the matrix is approximatelyin a block di-
agonalform, which meansthatthekernelis ableto projectthe
utterancesonto two oppositesidesof a hyper-planeand it is
upto themaximalmargin propertyof theSVM formulationto
find theoptimalone.

TableI andII givesthe individual performanceof eachone-
vs-oneclassifier. For this preliminarywork we chosethetun-
ing parameter( C , � ) to beconstantamongstall theclassifier.
Hencethesefigurescanbegreatlyimproved.

Once all the individual one-vs-oneclassifier is combined
throughanoutputvoting stagewe geta higherrecognitioner-
ror rate as expected. However we believe by careful tuning
of individual machinesthesefigurescanbegreatlyimproved.
Currentlywithout propertuning of the kernelparameterswe
areableto achieve78performance.



TABLE I

Respective estimatedgeneralizationperformancefor individualone-vs-oneclassifiers.Notethe

generalizationperformanceis thefractionof supportvectorsfor thatmachine

1 2 3 4 5 6 7 8 9

x 0.26 0.3 0.45 0.44 0.31 0.29 0.27 0.4
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 0.32 0.32 0.33 0.3
x x x x x 0.22 0.35 0.25 0.45
x x x x x x 0.4 0.31 0.26
x x x x x x x 0.25 0.33
x x x x x x x x 0.26

TABLE II

Respective Error rateson testsetfor individualone-vs-oneclassifiers.Notethehigherrorratesfor

someof theclassifierswhich is dueto improperchoiceof tuningparameters

1 2 3 4 5 6 7 8 9

x 0.0 0.05 0.65 0.7 0.15 0.15 0.1 0.2
x x 0.25 0.1 0 0.65 0.2 0.55 0
x x x 0.15 0.05 0.1 0.1 0.2 0.15
x x x x 0.25 0.3 0 0.2 0.1
x x x x x 0.05 0.2 0 0.8
x x x x x x 0.75 0.25 0.35
x x x x x x x 0.25 0.15
x x x x x x x x 0.15
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Fig.3. Kernelmatrixplot for 80utterancesof digit 1 and80utterancesof digit
2. Note the block diagonal form of the matrix depictingthe discriminative
powerof the kernel. Also notethe sub-blocks in each block diagonal which
correspondsto theutterancesfrommalesandfemales.

VII . CONCLUSIONS AND FUTURE WORK

We proposeda novel approachto designrecognitionsystem
wherein individualelementscanbetunedto optimizetheover-
all performance.Sincetheseresultsareall preliminary, there
is lot of scopeof improvement.We enlist the following items
for futurestudy.

� Optimalway to tunetheparametersof individualone-vs-
onemachineto optimizetheoverallperformance.� Better voting algorithm that can minimize the effect of
machinesthathavepoorgeneralizationperformance.� Apply the above method to phonemerecognition task
wherethe role of the tuning parameterswould be more
importantto discriminatebetweenfricatives, stopsand
vowels. We believe becausewe have a bigger training
and test setusingTIMIT databasewe would be able to
getmorereliableestimateof theperformanceof this ap-
proach.
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