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ABSTRACT

A novel methodto prevent the over-fitting effect and improve
the generalizationperformanceof the Minimum Classification
Error (MCE) / GeneralizedProbabilisticDescent(GPD) learn-
ing is proposed. The MCE/GPD method,which is one of the
newestdiscriminative-learningapproachesproposedby Katagiri
andJuangin 1992, resultsin betterrecognitionperformancein
variousareasof patternrecognitionthanthemaximum-likelihood
(ML) basedapproachwherea posterioriprobabilitiesare esti-
mated.Despiteits superiorityin recognitionperformance,it still
suffersfrom theproblemof over-fitting to thetrainingsamplesas
it is with other learningalgorithms. In the presentstudy, a reg-
ularizationtechniqueis employedto the MCE methodto over-
comethis problem.Feed-forwardneuralnetworksareemployed
asarecognitionplatformto evaluatetherecognitionperformance
of theproposedmethod.Recognitionexperimentsareconducted
on several sortsof datasets.The proposedmethodshows better
generalizationperformancethantheoriginalone.

1. INTRODUCTION

The ideaof Minimum ClassificationError (MCE) / Generalized
ProbabilisticDescent(GPD) learningwasfirst proposedin 1992
by Katagiri andJuang[1] to establisha generallearningframe-
work for minimizing classificationerror of an arbitrarydiscrim-
inant functions. In contrastto the maximumlikelihood (ML)
basedlearningwhich estimatesprobabilisticdistributionsof data
basedon a model,MCE/GPDlearningadaptsthe parametersof
themodelonthebasisof minimumclassificationerror. Although
a numberof discriminative-learningalgorithmshave beenpro-
posedso far, the MCE/GPDlearningis uniquein the sensethat
it is applicableto arbitrarydiscriminantfunctionsthatarediffer-
entiablein respectto theparametersthatareto beadapted.To be
specific,it canbeappliedto discriminantfunctionsthatdealwith
variablerecordlengthof datalike speechrecognition.

TheMCE/GPDlearninghasbeenappliedsuccessfullyto various
functionssuchaslinear-discriminantfunctions,MLP (multi-layer
perceptron),DTW (dynamictime warping)[2] andHMM (hid-
denMarkov models)[3]. Sincethe MCE learningtries to mini-
mizea lossfunctionthatcorrespondsto thenumberof classifica-
tion errorfor giventrainingdataset,it still suffersfrom aproblem

of generalizationability for unseendata. In anotherword, over-
fitting to thetrainingdatais inevitable.

In orderto improve thegeneralizationability of the MCE learn-
ing, a regularizationtechnique,which is widely usedto solveill-
posedproblems,is employedin thisstudy.

2. MINIMUM CLASSIFICATION ERROR
LEARNING

Let ���������
	��� be a discriminantfunction with positive valueto
discriminateadataof class� � from theotherclasses,where������

and 	 � denotea vectorin � -dimensionalfeaturespaceand
asetof parametersof thediscriminantfunction,respectively. For
aninputvector � , if thefollowing equationholds� � �����
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then � is classifiedto class� � .
In theframework of MCE learning,misclassificationmeasurefor
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representsthenumberof classesand ; is apositivecon-
stant.In anextremecasewhere; goesto infinity, themisclassifi-
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Obviously
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for which thefollowing sigmoidfunctionis typically used^ �  � � (( $�_a`cbPdfeOgchPi B (5)



( �T� in (4) is an indicatorfunctionwhich hasvalueof onewhen
theargumentis trueandzerootherwise.

In orderto minimizetheobjectivefunctionof (4), thewell-known
gradient descent method canbeappliedandthesetof parameter
of eachdiscriminantfunctionis adaptedby thefollowing rule:	 d��1g 7 i � 	 d��1i "���� U V �X	 d���i Y I � (6)

where 	 d��1i denotesthe parametersetat the � -th iterationand �
denotesthelearningparameterof a positivesmallvalue.

If oneemploysan expectedcostfunction �
	 ^ �  ���!����� insteadof
theempiricalcostfunction

U V �X	ZY I � of (4), theparameterupdat-
ing rulewhich is calledGeneralizedProbabilisticDescent(GPD)
is givenby 	 d��1g 7 i � 	 d��1i "�� �� � ^ �  � ���!���.B (7)

Here  is apositive-definitematrixand � � is asmallpositivereal
number.

3. MODIFICATION OF THE MCE
LEARNING

As is shownin (4), theMCE/GPDlearningbasicallytriesto mini-
mizeanempiricalerror[4]. Therefore,theMCE learningscheme
suffersfrom theproblemof over-fitting to thetrainingdatasetasit
is with othertrainingschemes.McDermottandKatagiri [2] pro-
posedamethodtoadapttheslopeparameter� in (5) to preventthe
over-fitting effect. Oneof thedrawbacksof this approachis that
therelationshipbetween� andtheshapeof decisionboundaryin
thefeaturespaceis notclear.

In the presentstudy, in order to improve generalizationperfor-
mancemoredirectly thanthe previous method,a regularization
technique[5] hasbeenemployed. In regularization,a penalty
term � �X	�� which is calleda regularizeris addedto the original
objectivefunctionandthethenew objectivefunction �U �X	�� is give
by �U �X	ZY I � � U V �X	ZY I �%$�� � �X	��.B (8)

Theregularizerworksasanconstraintin theoptimizationprob-
lem, andit conveys a priori knowlegdeaboutthe target function
thatis to belearnt.

Tikhonov andArsenin[5] proposedthe classof Tikhonov regu-
larizers,whoseform is givenby
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!

denotethe input, outputvariable,respectively, and� � ��� �&%HE for ' � E K BPBOB K)( " (
and � � ��� �G�HE .

In thepresentstudy, asasimplecaseof theTikhonov regularizer,
we have employedthefollowing empiricalpenaltytermgivenin
[6], [7], which is

� ��	ZY I � � (� [ ]+� 0 7
Q+\ 0 7

�+ � 0 7
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where � \ � ��� \ 7 K � \ M K BPBOB K � \ � � representsthe + -th training
datain � dimensionalspace.

4. APPLICATION TO NEURAL
NETWORKS

TheproposedmodifiedMCE (mMCE) learninggiven in (8) can
beappliedto arbitrarydiscriminantfunctionsthataretwicediffer-
entiable.In thepresentstudy, multi-layerperceptrontypeneural
networkis employedto evaluatetheperformance.

For the + -th training data � \ � � �
, let � d�, i\ , and - d�, i\ , be the

inputandoutputof the . -th cell of layer / respectively. Thenthe
input valueof the . -th cell of layer / is givenby
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Here
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d�, - , ` 7 i, � is theconnectionweightbetweenthe . -th cell of

layer / andthe � -th cell of layer / " (
, 8 d�,�i, is a constantand9 , representsthenumberof cellsin layer / . Theoutputof each

cell is givenby

- d�,�i, �;: � � d�,�i, � (12)

where : ��� is a sigmoid function. In the classicalerror back-
propagation(EBP)training[8], theobjectfunction,which is de-
finedon thebasisof leastsquarederror(LSE), is givenby
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in which three-layernetworkis assumedand � \ � denotesdesired
outputfor the � -th outputcell againstthe + -th input � \ .
Ontheotherhand,in theproposedmMCE,theobjectivefunction
is definedasfollows
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where
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Here
� � � � is theKroneckerdelta.

5. EXPERIMENTS

Performanceevaluation was conductedon several types of
datasetsin UCI machinelearningrepository[9] andATR speech
database[10].

In order to comparethe performanceof the proposedmethod
with other learning methods,the EBP basedneural networks,
theoriginalMCE basedneuralnetworks,andBayesdiscriminant
functionswherea singlenormaldistribution (full covariance)is
assumedfor eachcategorywere appliedon the samedatasets.
Three-layerfeed-forwardneuralnetworkswereemployedfor the
experiments,theparameter� in (8) wassetto 0.01andtheslope
parameter� in (5) wassetto 1.0.

SincetheMCE andmMCE learningarecomputationallyexpen-
sive, theinitial parametersusedin theparameterupdatingruleof
(6) weresetto theoneobtainedby theEBPlearning.

A. Results for Two-Class Problems

Preliminaryexperimentswere,at first, performedfor two-class
problemson the UCI datasets“cancer”, “house” and “sonar”.
Eachdatasetwasdividedinto two groups,onewasusedfor train-
ing andtheotherwasusedfor testing.

The experimentalresultsaresummarizedin Table1. It canbe
seenthatmMCE givesbettertest-setperformancethantheorigi-
nalMCE for eachdataset.

Fig. 1 shows thecorrectclassificationratesin termsof theslope
parameter� in (5). Although � influencesthe correctclassifica-
tion rate,mMCE performsbetterthanMCE for anyvalueof � .
In the framework of regularization,it is still anopenproblemto
determinethe appropriateweighting parameter� in (8). As it
canbe seenin Fig. 2 whereclassificationperformancein terms
of theparameter� is shown, theclassificationperformanceis not
sensitive to thetheparameter� .

Table. 1: Correctclassificationrates[%] in two-classprob-
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: Classificationperformancefor thetest-set“can-
cer” in termsof theslopeparameter in (5)

In multi-layerneuralnetworks,it is well-known that thenumber
of hiddennodesaffectsthegeneralizationperformance.Theclas-
sificationperformancefor thetest-set“cancer”with respectto the
numberof hiddennodesis shown in Fig. 3. Althoughtheperfor-
mancevarieswith the numberof hiddennodes,mMCE always
showsbetterperformancethantheoriginal MCE.

B. Results for speech data

In order to evaluate the performancefor speechrecognition,
speechdatabase“isolet” (isolatedalphabetletters) of the UCI
repository, and“vowels” (Japanesefivevowels)madeof theATR
continuousspeechdatabase“Set-B” werecollected.In the“iso-

Table. 2: Speechdatasetsandnetworkarchitecture

Dataset #classes #attributes #hiddennodes

isolet(UCI) 26 617 32
vowels(ATR) 5 12 12



80

85

90

95

100

0.001 0.01 0.1 1 10

C
or

re
ct

 c
la

ss
ifi

ca
tio

n 
ra

te
 [%

]

γ

mMCE

Figure. 2: Classificationperformancefor thetest-set“can-
cer” asaparameterof �
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Figure. 3: Correctclassificationrateasa parameterof the
numberof hiddennodes(“cancer”)

let” database,thedatafile “isolet1+2+3+4”wasusedfor training
and“isolet5” wasusedfor testing. The database“vowels” was
createdfor this researchpurposeby extracting 100 samplesof
eachvowel utteredby eachsubjectfrom the ATR databasecon-
tainingtheutteredvoiceof six subjects.Thedataof four subjects
(msh, mmy, mht, mho) were usedfor training and the dataof
remainedtwo subjects(myi, mtk) wereusedfor testing. Some
informationaboutthe datasetsandthe numberof hiddennodes
usedin theexperimentis shown in Table2.

Table3 shows thecorrectclassificationratefor boththetraining
andtestsets.The proposedmMCE givesbettertest-setclassifi-
cationperformancethantheoriginalMCE.

6. CONCLUSION

A regularizationtechniquehasbeenproposedto improvethegen-
eralizationperformanceof the MCE/GPDlearning. The simpli-

Table. 3: Correct classification rates [%] 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 typeregularizer, which takesthepowerof thesec-
ondderivativesof thediscriminantfunctions,hasbeenemployed
asa regularizerin the presentstudy. It shouldbe notedthat the
employedregularizeris not casespecificbut general,apartfrom
neuralnetworks,theproposedmodifiedMCE (mMCE) learning
canbeappliedto varioustypeof recognizerslike HMM (hidden
Markov models)andsoon.

7. REFERENCES

1. B-H. Juangand S. Katagiri. Discriminative learning for
minimumerrorclassification.IEEE Trans. Signal Process-
ing, 40(12):3043–3054,1992.

2. Eric McDermott and ShigeruKatagiri. Prototype-based
minimumclassificatiknerror/ generalizedprobabilisticde-
scenttraining for variousspeechunits. Computer Speech
and Language, pages351–368,August1994.

3. Biing-HwangJuang,Wu Chooud,andChin-Hui Lee. Min-
imum classificationerror ratemethodsfor speechrecogni-
tion. IEEE Trans. Speech and Audio Processing, 5(3):257–
265,1997.

4. Vladimir N. Vapnik.The Nature of Statistical Learning The-
ory. Springer-Verlag,1995.

5. A. N. Tikhonov andV. Y. Arsenin. Solutions of Ill-Posed
Problems. V. H. Winston,1977.

6. ChristopherM. Bishop. Neural Networks for Pattern
Recognition. Oxford UniversityPress,1995.

7. ChristopherM. Bishop. Curvature-Driven Smoothing: A
Learning Algorithm for Feed-forwardNetworks. IEEE
Trans. Neural Networks, 4(5):882–884,1993.

8. D. E. Rumelhart,G. E. Hinton,andR. J.Willams. Learning
representationsby back-propagationerrors. Nature 323 9,
323(9):533–536,October1986.

9. C. J. Merz and P. M. Murphy. UCI repos-
itory of machine learning databases, 1996.
http://www.ics.uci.edu/� mlearn/MLRepository.html.

10. H. Kuwabara, K. Takeda, Y. Sagisaka, S. Katagiri,
S. Morikawa, and T. Watanabe. Constructionof a large-
scaleJapanesespeechdatabaseandits managementsystem.
Proc. of Intl. Conferece on Acoustics, Speech, and Signal
Processing (ICASSP-89), pages560–563,1989.


