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ABSTRACT

A nowel methodto prevent the overfitting effect and improwe
the generalizationperformanceof the Minimum Classification
Error (MCE) / GeneralizedProbabilisticDescent(GPD) learn-
ing is proposed. The MCE/GPD method,which is one of the
newestdiscriminative-learningapproachegroposedyy Katagiri
andJuangin 1992, resultsin betterrecognitionperformancen
variousareaf patternrecognitionthanthe maximum-likelihood
(ML) basedapproachwherea posterioriprobabilitiesare esti-
mated.Despiteits superiorityin recognitionperformanceit still
suffersfrom the problemof over-fitting to thetrainingsamplesas
it is with otherlearningalgorithms. In the presentstudy a reg-
ularizationtechniqueis employedto the MCE methodto over-
comethis problem. Feed-forwarcheuralnetworksareemployed
asarecognitionplatformto evaluatetherecognitionperformance
of the proposedmethod.Recognitionexperimentareconducted
on several sortsof datasets.The proposednethodshows better
generalizatioperformancehantheoriginal one.

1. INTRODUCTION

Theideaof Minimum ClassificationError (MCE) / Generalized
ProbabilisticDescen{GPD) learningwasfirst proposedn 1992
by Katagiri and Juang[1] to establisha generallearningframe-
work for minimizing classificationerror of an arbitrarydiscrim-
inant functions. In contrastto the maximum /ikelihood (ML)
basedearningwhich estimategprobabilisticdistributionsof data
basedon a model, MCE/GPD learningadaptsthe parameteref
themodelonthebasisof minimumclassificatiorerror. Although
a numberof discriminative-learningalgorithmshawe beenpro-
posedso far, the MCE/GPDlearningis uniguein the sensethat
it is applicableto arbitrarydiscriminantfunctionsthatarediffer-
entiablein respecto the parameterghatareto be adaptedTo be
specific,it canbeappliedto discriminantfunctionsthatdealwith
variablerecordlengthof datalike speectrecognition.

The MCE/GPDIlearninghasbeenappliedsuccessfullyto various
functionssuchaslinear-discriminanfunctions,MLP (multi-layer
perceptron)DTW (dynamictime warping) [2] andHMM (hid-
denMarkov models)[3]. Sincethe MCE learningtriesto mini-
mizealossfunctionthatcorrespondso the numberof classifica-
tion errorfor giventrainingdataset,it still suffersfrom aproblem

of generalizatiorability for unseerdata. In anotherword, over
fitting to thetrainingdatais inevitable.

In orderto improwe the generalizatiorability of the MCE learn-
ing, aregularizatiortechniquewhich is widely usedto solveill-
posedproblemsjs employedn this study

2. MINIMUM CLASSIFICATION ERROR
LEARNING

Let gx(x; Ax) be a discriminantfunction with positive valueto
discriminatea dataof class2;, from theotherclasseswherex €
RP andA, denoteavectorin D-dimensionafeaturespaceand
asetof parametersf thediscriminantfunction,respectiely. For
aninputvectorx, if thefollowing equatiorholds

gk(x; Ak) > gi(x; A-L) for all ¢ ;é k

thenx is classifiedto classQ)y.
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In theframework of MCE learning,misclassificatioomeasurdor
agivensamplex of classQ;, is definedasfollows
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whereC representthenumberof classesgndy is apositive con-

stant.In anextremecasewhereyn goesto infinity, the misclassifi-
cationmeasuréecomes

di(x) = —gr(x; Ax) +

di(x) = —gr(x; Ax) + max gi(%; As). 3)

Obviously dx(x) < 0 in caseof correct classification,and
dr(x) > 0 in caseof misclassification.

Using the misclassificationmeasurefor a set of data X =
{x1,x2, -, xp}, theobjective functionto be minimizedis de-
finedasanempiricalaveragecostfunctionasgivenbelow
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HereA = {A1, Ao, -+, Ac} and(d) is asmoothlossfunction,
for which thefollowing sigmoidfunctionis typically used
1
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1( ) in (4) is anindicatorfunction which hasvalueof onewhen
theagumentis trueandzerootherwise.

In orderto minimizetheobjective functionof (4), thewell-known
gradient descent method canbe appliedandthe setof parameter
of eachdiscriminantfunctionis adaptedy thefollowing rule:

AT = A® _ oV Lo(AP|X) (6)

whereA®) denoteshe parametesetat the ¢-th iterationande
denoteghelearningparametef a positive smallvalue.

If oneemploysan expectectostfunction E[¢(d(x))] insteadof
theempiricalcostfunction Lo (A|X) of (4), theparameteupdat-
ing rule whichis calledGeneralizedProbabilisticDescen{GPD)
is givenby

A AO 0V ). O

HereU is apositive-definitematrixande; is asmallpositivereal
number

3. MODIFICATION OF THE MCE
LEARNING

Asisshownin (4),theMCE/GPDIlearningbasicallytriesto mini-
mizeanempiricalerror[4]. Thereforethe MCE learningscheme
suffersfrom theproblemof over-fitting to thetrainingdatasessit
is with othertraining schemesMcDermottandKatagiri[2] pro-
posedamethodto adaptheslopeparameteg in (5) to preventthe
overfitting effect. Oneof the dravbacksof this approachis that
therelationshipbetweer¢ andthe shapeof decisionboundaryin
thefeaturespaceds notclear

In the presentstudy in orderto improve generalizatiorperfor
mancemoredirectly thanthe previous method,a regularization
technique[5] hasbeenemployed. In regularization,a penalty
term F'(A) which is calleda regularizeris addedto the original
objectivefunctionandthethenew objecti\efunctioni(A) is give
by

L(A|X) = Lo(A|X) +vF(A). (8)

Theregularizerworks asan constraintin the optimizationprob-
lem, andit corveys a priori knowlegde aboutthe targetfunction
thatis to belearnt.

Tikhonov andArsenin[5] proposedhe classof Tikhonov regu-
larizers,whoseform is givenby
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in which z, y denotethe input, outputvariable respectiely, and
hr(z) >0forr=0,... ,R—1andhr(z) > 0.
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In thepresenstudy asa simplecaseof the Tikhonov regularizer
we hawe employedthe following empirical penaltytermgivenin
[6], [7], whichis

wherex, = (zp1,Zp2,.-- ,xpD) representshe p-th training
datain D dimensionabkpace.

(10)

4. APPLICATION TO NEURAL
NETWORKS

The proposedmodifiedMCE (mMCE) learninggivenin (8) can
beappliedto arbitrarydiscriminantfunctionsthataretwice differ-
entiable.In the presenstudy multi-layer perceptrortype neural
networkis employedo evaluatethe performance.

For the p-th training datax, € R”, let zz(,’J“) and 01(:;) be the
inputandoutputof the j-th cell of layerm respectiely. Thenthe
inputvalueof the j-th cell of layerm is givenby

Nm—1
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Herew(m "™=1) is the connectionveightbetweerthe j-th cell of

layerm andthei-th cell of layerm — 1, 9(’") is aconstantand
n.m representthenumberof cellsin Iayerm Theoutputof each
cellis givenby

of™ = 1)

J

(12)

where f( ) is a sigmoid function. In the classicalerror back-
propagation(EBP)training [8], the objectfunction,whichis de-
finedonthebasisof leastsquareckerror (LSE), is givenby
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in which three-layemnetworkis assumeandt,, denotesiesired
outputfor the k-th outputcell againsthep-th inputx,.

Ontheotherhand,in theproposednMCE, the objective function
is definedasfollows

L(AX) = ZLOP AJX) + pZZF (A1X), (14)
where
Lop(A Ze (xp))1(xp € C), (15)
Fo(A) = 1 (32) (21) "0:(2)
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Theweightupdatingrule is givenby
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In thehiddenlayerwherem = 2,
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Hereé;; is the Kroneckerdelta.

5. EXPERIMENTS

Performanceevaluation was conductedon several types of
datasetsn UCI machinelearningrepository[9] andATR speech
databas§l0].

In orderto comparethe performanceof the proposedmethod
with other learning methods,the EBP basedneural networks,
theoriginal MCE basedheuralnetworks,andBayesdiscriminant
functionswherea single normaldistribution (full covariance)is

assumedor eachcategorywere applied on the samedatasets.

Three-layefeed-forwardheuralnetworkswereemployedfor the
experimentsthe parametery in (8) wassetto 0.01andtheslope
parameteg in (5) wassetto 1.0.

Sincethe MCE andmMCE learningare computationallyexpen-
sive, theinitial parametersisedin the parameteupdatingrule of
(6) weresetto theoneobtainedby the EBPlearning.

A. Resultsfor Two-Class Problems

Preliminaryexperimentsvere, at first, performedfor two-class
problemson the UCI datasets‘cancer”, “house” and “sonar”.
Eachdatasetvasdividedinto two groups onewasusedfor train-
ing andthe otherwasusedfor testing.

The experimentalresultsare summarizedn Table 1. It canbe
seenthatmMCE givesbettertest-seperformancehanthe origi-
nal MCE for eachdataset.

Fig. 1 shavs the correctclassificatiorratesin termsof the slope
parameteg in (5). Although¢ influencesthe correctclassifica-
tion rate,MMCE performsbetterthanMCE for anyvalueof €.

In the framework of regularizationit is still an openproblemto

determinethe appropriateweighting parametery in (8). As it

canbe seenin Fig. 2 whereclassificationperformancen terms
of the parametety is shown, the classificatiorperformances not
sensitve to thethe parametety.

Table. 1: Correctclassificatiorrateq%] in two-clasgprob-
lems

Method

Dataset Bayes|/ NN/ | NN/ | NN/
| #samples | ML |EBP|MCE|mMCE
Cancer training 420|| 95.0 [99.3| 97.8| 96.3
testing 279| 95.7 |91.8| 92.5| 94.6
House |training 265| 98.3 |99.6| 98.5| 98.5
testing 170| 96.4 |95.3| 98.2| 99.4
Sonar |training 141|| 100.0|98.6| 98.6| 90.1
testing 67| 74.6 |79.1| 86.6| 92.5
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Figure. 1: Classificatiorperformancéor thetest-set'can-
cer”in termsof the slopeparametet in (5)

In multi-layer neuralnetworks,it is well-known thatthe number
of hiddennodesaffectsthegeneralizatiopperformanceTheclas-
sificationperformancéor thetest-setcancer”with respecto the
numberof hiddennodess shavn in Fig. 3. Althoughthe perfor
mancevarieswith the numberof hiddennodes,mMMCE always
shows betterperformancehantheoriginal MCE.

B. Resultsfor speech data

In order to evaluate the performancefor speechrecognition,
speechdatabaseisolet” (isolatedalphabetletters) of the UCI
repositoryand“vowels” (Japaneséve vowels)madeof the ATR
continuousspeechdatabaséSet-B” werecollected. In the “iso-

Table. 2: Speectdatasetandnetworkarchitecture

Dataset || #classeg #attributes| #hiddennodes
isolet(UCI) 26 617 32
vowels(ATR) 5 12 12
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Figure. 2: Classificatiorperformancdor thetest-setcan-
cer” asaparametenf
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Figure. 3: Correctclassificatiorrateasa parameteof the
numberof hiddennodes(“cancer”)

let” databasethe datafile “isolet1+2+3+4"wasusedfor training
and‘“isolet5” wasusedfor testing. The databasévowels” was
createdfor this researchpurposeby extracting 100 samplesof
eachvowel utteredby eachsubjectfrom the ATR databaseon-
tainingthe utteredvoiceof six subjects.Thedataof four subjects
(msh, mmy, mht, mho) were usedfor training and the data of
remainedtwo subjects(myi, mtk) were usedfor testing. Some
informationaboutthe datasetsindthe numberof hiddennodes
usedin the experimenis shavn in Table2.

Table3 shaws the correctclassificatiorratefor boththe training
andtestsets. The proposednMCE givesbettertest-setclassifi-
cationperformancehanthe original MCE.

6. CONCLUSION

A regularizatiortechniquehasbeenproposedo improvethegen-
eralizationperformanceof the MCE/GPDIlearning. The simpli-

Table. 3: Correct classificationrates [%] for speech
datasets

Method
Dataset Bayes/ NN/ | NN/ | NN/
| #samples | ML |EBP|MCE|mMCE
isolet(UCI) |training 6238| - 93.4| 96.9| 96.2
testing 1559 - |94.3/ 95.5| 96.4
vowels(ATR) | training 4000 86.3 |89.0| 92.7| 91.7
testing 1000 79.3 |82.1| 88.6| 89.1

fied Tikhonov typeregularizerwhich takesthe power of the sec-
ondderivativesof the discriminantfunctions,hasbeenemployed
asa regularizerin the presentstudy It shouldbe notedthatthe
employedregularizeris not casespecificbut general apartfrom

neuralnetworks,the proposednodifiedMCE (mMCE) learning
canbe appliedto varioustype of recognizerdike HMM (hidden
Markov models)andsoon.
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