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Abstract

Machine recognition of hand-printedJapanesecharac-
ters hasbeenan areaof greatinterestfor manyyears. The
majorproblemwith thisclassificationtaskis thehugenum-
ber of different characters. Applying standard ”state-of-
the-art” techniques,such as theSVM,to multi-classprob-
lemsof thiskindimposessevereproblems,bothof a concep-
tualanda technicalnature: (i) separatingoneclassfromall
others maybe an unnecessarilyhard problem;(ii) solving
thesesubproblemscan imposeunacceptablyhigh compu-
tational costs. In this paper, a new approach to Japanese
character recognition is presentedthat successfullyover-
comestheseshortcomings.It is basedon a pairwisecou-
pling procedure for probabilistic two-classkernel classi-
fiers. Experimentalresultsfor Hiraganarecognition effec-
tivelydemonstratethatour methodattainsanexcellentlevel
of predictionaccuracy while imposingvery low computa-
tional costs.

1. Intr oduction

Offline machinerecognitionof hand-printedJapaneseor
Chinesecharactersis oneof themostimportantclassifica-
tion problemswith avery largenumberof differentclasses.
Problemsof this kind requireusto put specialemphasison
themulti-classaspectof derivingclassificationrules:simul-
taneouslyestimatinga largenumberof classboundariesis
usuallya muchhardertaskthansolvingstandardtwo-class
problems.

The usualway of handlingmulti-classproblemsis the
following: a problem with � classesis treatedas a col-
lectionof � ”one-against-all-others”subproblems,together
with someprinciple of combiningthe � outputs. This ap-
proach,however, bearstwo main disadvantages:(i) sepa-
rating one classfrom all othersmay be an unnecessarily
hardproblemthatoften requiresus to applyvery complex

classificationmodels.For highly complex modelsit is often
difficult to avoid overfitting phenomenain orderto guaran-
tee good generalizationproperties;(ii) all � subproblems
are statedasoptimizationproblemsover the full learning
set. For kernelclassifiersappliedto large-scaleproblems,
this canimposeunacceptablyhighcomputationalcosts.

The former problemis of a conceptualnatureandcan
be overcomeby a different approachto the multi-class
problem:insteadof solving � one-against-allproblems,we
mightsolve ���������	��

� pairwiseclassificationproblems,and
try to coupletheprobabilitiesin asuitableway. Methodsof
thiskind havebeenintroducedin [1], [2] andarereferredto
aspairwisecoupling. Learningsuchpairwisedecisionrules
maybea muchsimplerproblemthanseparatingeachclass
from theothers.

In this paperspecialemphasisis put on nonlinearMer-
cer kernel-basedclassifiers.A recentoverview over kernel
methodscanbefoundin [3]. Sincefor kernelmethodsthe
computationalefficiency is mostlydeterminedby thenum-
berof trainingsamples,thepairwisecouplingschemealso
overcomesthe numericalproblemsof the one-against-all
strategy: it ismucheasierto solve ���������	��
�� smallproblems
thatto solve � largeproblems.For theclassof probabilistic
kernelclassifiers we have in mind, we show that this leads
to areductionof computationalcoststhatscaleslinearin the
numberof classes.Theavailability of probabilisticoutputs
constitutesanotheradvantageover theSVM: it allowsusto
quantifya confidencelevel for classassignments.For text
recognitionsystemsin particular, suchposteriorestimates
of classmembershipare of greatpracticalvalue: having
availablea weightedlist of possiblecharacterassignments
mayimprovetheaccuracy drasticallywhencouplingoptical
characterrecognitiontechniqueswith semanticmethods.

This paperis organizedasfollows: in section2 Nonlin-
earKernelDiscriminantAnalysis(NKDA) is introducedas
aprobabilistickernelclassifier. It canbeusedasa“building
block” in thepairwisecouplingprocedurethat is described
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in section3. Section4.1 presentsan intuitive toy exam-
ple thatdemonstratesthedifferencesbetweenthe pairwise
couplingmechanismandconventionalapproachesto multi-
classproblems.We concludethis paperwith performance
studiesfor a large-scaledatasetof handwrittenHiraganas
in section4.2. Theseexperimentseffectively demonstrate
that the proposedmethodattainsa level of accuracy even
superiorto theSVM, while additionallyproviding theuser
with posteriorestimatesof classmembership.Moreover,
concerningthecomputationalcosts,it significantlyoutper-
formsoneof thebestSVM optimizationpackagesavailable.

2. Probabilistic kernel classifiers

The problem of classificationformally consistsof as-
signing observed vectors ������� into one of � classes.
A classifier is a mappingthat assignslabels to observa-
tions. In practice,a classifier is trained on a set of ob-
served i.i.d. data-labelpairs � � �������
� ���! �#"%$ , drawn from the
unknown joint density&%� �'��� �)(*&+� �-, � �.&%� � �0/

Classifierscan be partitioned into two main groups,
namelyinformativeanddiscriminativeones. In the infor-
mative approach,the classesare describedby modeling
their structure,i.e. their generative statisticalmodel. Start-
ing from theseclassmodels,theposteriordistributionof the
labelsis derivedvia the Bayesformula. Themostpopular
methodof informativekind is classicalLinearDiscriminant
Analysis(LDA). The availability of explicit classmodels
hasseveraladvantages.For instance,it is easyto dealwith
incompleteor uncertainmeasurements.The inclusion of
partially unlabeleddatais an exampleof this kind, cf. [4].
However, the informative approachhasa clear disadvan-
tage:modelingtheclassesis usuallyamuchharderproblem
thansolvingtheclassificationproblemdirectly.

In contrastto the informative approach,discriminative
classifiersfocusonmodelingthedecisionboundariesor the
classprobabilitiesdirectly. No attemptis madeto model
the underlyingclassdensities. In general,they are more
robustasinformativeones,sincelessassumptionsaboutthe
classesaremade.

Presuminglymostpopulardiscriminative methodis the
SupportVector Machine (SVM). Within a maximumen-
tropy framework, it can be viewed as the classification
modelthatmakestheleastassumptionsabouttheestimated
model parameters,cf. [5]. Thus, from a statisticalview-
point, it shouldbethemostrobustmethod.Themaindraw-
back of the SVM, however, is the absenceof probabilis-
tic outputs: in the SVM framework the classificationtask
is consideredreadily solved by predictingthe classlabels.
(Strategiesfor approximatingSVM posteriorestimatesin a
post-processingstephavebeenreportedin theliterature,see

e.g.[6, 7]. In this paper, however we restrictour attention
to fully probabilisticmodels.)

In thispaperwefocusonstrategiesfor couplingpairwise
decisionrulesinto into ajoint posteriorprobabilityestimate
for all � classes.A necessaryconditionfor methodsof this
kind, however, is the availability of posteriorestimatesin
eachof the ���1�%�2�!��
�� subproblems.Thus,wearerestricted
to probabilisticclassifierslike LDA. Sincelinear decision
boundariesoftendonot adequatelyseparatetheclasses,we
aremainly interestedin a generalizedkernelvariant of this
classicalmethod.

For conveniencein what follows, in this section we
restrict ourselves to the problem of separatingonly two
classes.Thesetwo-classmethodswill thenbe “plugged”
into apairwisecouplingscheme.

2.1. Nonlinear Kernel Discriminant Analysis

Thecentralideaof informativeclassifiersis to modelthe
conditionalclassdensities&%� �3, � � . Assuminga parameter-
izedclassconditionaldensity&54!67� �3, � (98�� andcollecting
all modelparametersin a vector : , theseparametersarees-
timatedby maximizingthefull log likelihood;:5<>= (@?
A�B7CD?�E 4GF  �H"%$JI#K B-& 4 � � � ��� � �0/ (1)

Classical Linear Discriminant Analysis (LDA) can be
viewedasthesimplestclassifierof thiskind. Theclassesare
modeledby a parameterizedmultivariateGaussianmodel,
with theadditionalassumptionthatall classessharea com-
moncovariancematrix L :& 4 � �3, � (M8��)(MNO� �'P�Q 6 �0L �0/ (2)

Consideringtwo-classproblems,we definea discriminant
functionbetweenthetwo classeswith labels ��R � � ���
� asSJ� � �)( I#K BUT�V#W "-X%$ZY []\T�V#W "�^J$ZY [7\ / (3)

It canbeshown easilythat themodelassumptions(2) lead
to a discriminantfunctionthatis linearin � :1SJ� � �)(@_a` � / (4)

There are several approachesto restatingclassicalLDA
with Mercerkernels,seee.g.[4] and[8]. Sincespacehere
precludesamoredetaileddiscussion,weonly presentaver-
sion that exploits the well-known analogybetweenLDA
andlinear indicator regressionagainstthe binary classla-
bels(an early referenceis [9], p. 152). The LDA solution
canbe found by regressingthe input vectors �b� (summa-
rized as rows of the “design” matrix c ) againsta binary
targetvector d with entries��R � � ����� :e_f(9?�A�B
C�gHhi j d � c _ j k / (5)

1Throughoutthis paperwe have droppedthe constantl in the more
generalform m�nporq�sutwvroUxyl . This canbe justifiedby assumingthat
thedatavectorsareaugmentedby anadditionalentryof one.



This correspondsto maximizing the full log likelihoodas
in (1). Direct optimizationof the likelihood,however, of-
ten leadsto severeoverfitting problems,andin a Bayesian
framework,apreferencefor smoothfunctionsis usuallyen-
codedby introducingpriors over theweights _ . In a regu-
larizationcontext, suchprior informationcanbeinterpreted
asaddingsomebiasto maximumlikelihoodparameteresti-
matesin orderto reducetheestimator’svariance.Thecom-
monchoiceof a sphericalGaussianprior distribution with
covarianceLGz9{}| ^-$�~ leadsto a ridge regressionmodel,
[10]. Theregularizedversionof (5) thenreadse_�(�?
A�B7C�g#hi j d � c _ j k RM| _ ` _�/ (6)

It is known that the optimizing weight vector can be ex-
pandedin termsof the input vectors,_�( F  �H"%$ � �1�+� (c `-� , cf. [4]. Substitutingthis expansionof _ into (6)
andintroducingthedot productmatrix ����� � 6 (�� � �+� � 6 � ,��( c�c ` , we can restatethe minimizationproblemin
termsof thevectorof expansioncoefficients � . Dif ferenti-
atingin � leadsusto thestationarycondition:;� (��1� R�| ~ � ^J$ d / (7)

With theusualkerneltrick, thedot productscanbesubsti-
tutedby kernelfunctionssatisfyingMercer’s condition, in
orderto obtaina nonlinearvariantof discriminantanalysis.
We refer to this model asNonlinear Kernel Discriminant
Analysis(NKDA). Giventheoptimal

;� , we canmake pre-
dictionsfor anew observation �)� by evaluatingthediscrim-
inantfunction:

SJ� � � ��(9�  �H"%$-� � � � ��� � � e�%� � (8)

where � � � � � � denotesthe kernel function. Note that (7)
definesa systemof linear equations: �2� � ( d , with� � (}�1� R�| ~ � . For suchsystemsthereexist efficient ap-
proximationschemes:thematrix � � is symmetric,andthe
optimizing vector

;� canbe computedin a highly efficient
way by applying approximative conjugategradient inver-
sion techniques,cf. [11], p. 83. The key idea is to relate
the problemof finding a solutionto a systemof equations
to thatof maximizinga function: thequadraticform� � � �)( d � � $k � � � � (9)

is maximizedwhenits gradient� � (@� � � � d (10)

is zero,which is equivalentto finding the coefficient vec-
tor � that solves (7). The optimizationstrategy cannow
beoutlinedasfollows: startingwith an initial vector ��� , a
successionof searchdirections �b� and improved solution

vectors� � is generated.After � iterationsoneis guaran-
teedto reachthesolutionof (7). However, in mostpractical
problems,excellent approximationscan be obtainedafter�y� � iterations.This propertyallows usto handlelarge-
scaleproblemsin ahighly efficientway.

3. Pairwise coupling for multi-classproblems

Typically two-classproblemstendto be mucheasierto
learnthanmulti-classproblems.While for two-classprob-
lemsonly onedecisionboundarymustbeinferred,thegen-
eral � -classsettingrequiresus to apply a strategy for cou-
pling decisionrules. In thestandardapproachto this prob-
lem, � two-classclassifiersaretrainedin orderto separate
eachof theclassesagainstall others.Thesedecisionrules
arethencoupledeitherin aprobabilisticway(e.g.for LDA)
or by someheuristicprocedure(e.g.for theSVM).

A differentapproachto themulti-classproblemwaspro-
posedin [2]. The centralideais to learn ���1�����	��
�� pair-
wise decisionrulesandto couplethe pairwiseclassprob-
ability estimatesinto a joint probability estimatefor all �
classes.It is obvious, that this strategy is only applicable
for pairwiseclassifierswith probabilisticoutputs.2 Froma
theoreticalviewpoint,pairwisecouplingbearssomeadvan-
tages:(i) jointly optimizing over all � classesmay impose
unnecessaryproblems,pairwiseseparationmight be much
simpler;(ii) we canselecta highly specificmodelfor each
of thepairwisesubproblems.

Concerningkernelclassifiers in particular, pairwisecou-
pling is also attractive for practical reasons. For kernel
methods,thecomputationalcostaredominatedby thesize
of thetrainingset, � . For example,conjugategradientap-
proximationsfor NKDA scaleas � � � k ��� � , with � de-
notingthenumberof conjugate-gradientiterations(at each
stageof iterationa ����� -matrix-vectorproductmustbe
computed).Keeping � fixed leadsus to a � � � k � depen-
dency asa lower boundon therealcosts.3 Let usnow con-
sider � classes,eachof which contains �>  training sam-
ples. For a one-against-allstrategy, we have costsscaling
as � �����1� �¡  � k ��( � �1��¢ � k  � . For the pairwiseapproach,
this reducesto � �£��
��b�����+�¤�!���¥� �¡  � k �)( � �¥�¦�1� k �§�Z� � k  � .
Thus,we have a reductionof computationalcostsinverse
proportionalto thenumberof classes.

Pairwisecouplingcanbeformalizedasfollows: consid-
ering a setof events �!¨ � �  �H"%$ , supposewe aregiven pair-

2In a formerversionof [2], availableasTech.Rep.at theUniversityof
Toronto,it hasbeensuggestedto apply“approximative” pairwisecoupling
to the SVM. However, we feel that this approachis not very promising
sinceit lacksaclearprobabilisticinterpretation.

3For the SVM, the situationis moredifficult andheavily dependson
implementationdetails.As anexample,thepopularLOQO package[12],
haseven ©3npªw«�q complexity, dueto aCholesky decompositionof a ªa¬%ª
matrix. Working-setmethodsareusually muchmoreefficient, but their
performanceis problem-dependent,andthusdifficult to analyze.



wise probabilities ­ � 6 ( Prob � ¨ � , ¨ � or ¨ 6 � .4 Our goal
is to couple the ­ � 6 ’s into a commonset of probabilities& � ( Prob � ¨w� � . This problemhasno generalsolution,but
in [2] the following approximationis suggested:introduc-
ing a new setof auxiliaryvariables

Q-� 6 ( ®¯Z°®¯Z° X ®¯0± � (11)

wewish to find
e& � ’ssuchthatthecorresponding

eQ � 6 ’sarein
somesense“close” to theobserved ­ � 6 ’s. A suitableclose-
nessmeasureis the Kullback-Leiblerdivergencebetween­ � 6 and

eQ � 6²¡³ = (9F �1´ 6 ­µ� 6 I#K Ba¶ °·±®¸ °¹± R �£�º� ­µ� 6 � IHK B $�^ ¶ °¹±$�^ ®¸ °¹± / (12)

Theassociatedstationaryconditionreads

F 6!»"¼� eQ � 6 ( F 6!»"¼� ­ � 6 �¾½ (O� � /Z/Z/ � � � (13)

subjectto F  �#"%$ & � (¿� . Startingwith an initial guessfor
the

e& � andcorresponding
eQ � 6 ’s,wecancomputethe

e& � ’sthat
minimize(12)by iterating

À e& �¼Á e& �-��Â ±�ÃÄ ° ¶ °·±Â ±�ÃÄ ° ®¸�°·±À renormalizethe
e& � ’s andrecomputethe

eQ-� 6 .
Suppose,we have successfullytrainedall probabilistic

pairwiseclassifiers.Then,we canpredict the classmem-
bershipof anew observation � � asfollows:

1. Evaluatethe �����3�@�!��

� classificationrulesto obtain­ � 6 � � � �y(Å�!
¦Æ·� RÈÇ E�É � S � 6 � � � �0�ZÊ , where S � 6 � � � � is
thelearneddecisionfunctionbetweenclasses½ and8 ,
evaluatedatpoint � � .

2. Computethe
eQ � 6 ’s basedon the initial

e& � ’s, andrun
theabove iterationsuntil someconvergencecriterion
is met.

3. Wefinally obtaintheestimatedposteriorprobabilities
for classmembershipof pattern� � .

4. Experiments

4.1. A simple toy example

Herewepresentasimpletwo-dimensionaltoy-examples
thatdemonstratethe advantagesof pairwisecouplingover
conventionalmulti-classapproaches.Considerfor example

4The Ë�Ì Í!nporq canbeinterpretedasaconditionalprobabilityestimatefor
themembershipof vector o in classÎ whenseparatingits classonly from
classÏ , withoutconsideringany of theotherclasses,cf. [1].

threeclassesasdepictedin figure1. In apairwiseapproach,
eachof thethreepairscanbeseparatedby a lineardecision
boundarywithout errors. If, on the otherhand,we try to
separateeachclassfrom thetwo others,theclassesarenot
linearlyseparable.In orderto avoid trainingerrors,wemust
usea nonlinearclassifierthat is able to producedecision
boundariesasdepictedin the graph. This exampleshows
that thelatterstrategy mayimposeunnecessarilyhardsub-
problems.
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Figure 1. Separating the 3 classes with a
“one-a gainst-all-other s” strategy requires us
to use a nonlinear classifier .

4.2. Hiragana Recognition

In this sectionwe comparethepairwisecoupledNKDA
classifierwith other popular methods. We considerthe
problemof recognizing71classesof handwrittenHiraganas
from the ETL9B database5. This databasecontains200
black-and-whiteimagesof size

JLK � JLK pixelspercharacter.
Somesampleimagesfrom thisdatasetaredepictedin figure
2.

Figure 2. Example images from the ETL9B
database .

For the featureextraction, we usedthe contour direc-
tion histogramfeatures, see[13]. Thisfeaturesetrepresents
eachimageasa196dimensionalvector. Roughlyspeaking,
thecomponentsof this featurevectorencodetheempirical
distributionof blackpixelsunderseveraldirections.

In a first experiment,we comparedthepredictionaccu-
racy of a 5-nearest-neighbor(5-NN) classifierandseveral
kernel-basedmethods. Among the latter are a Subspace

5Seehttp://etl.go.jp/Metlcdb.



classifierin Hilbert Space, see[14], a SVM, andthe pro-
posedpairwisecoupledNKDA method.In all kernelmod-
els, standardRBF kernelsare used. Table 1 presents5-
fold crossvalidationestimatesof misclassificationrates.6 In
eachof the 5 trials, the learningsetconsistedof 160 sam-
plesper character, the testsetof 40 samplespercharacter.
Averagedmisclassificationratesandstandarderrorsarepre-
sented.

Table 1. 5-fold cross validation estimates of
misc lassification rates [%], and standar d er-
rors (in brackets).

Classifier Err or rate [%]

5-NN 7.35
SubspaceHS 3.64
SVM 2.87(0.22)
PairwiseNKDA 2.25(0.16)

Fromtheabove tablewe concludethatPairwiseNKDA
significantlyoutperformsall otherinvestigatedtechniques.
Note,however, thatPairwiseNKDA notonly yieldsthisex-
cellentnumericalaccuracy level, but additionallyprovides
uswith probabilisticoutputs.A closerlook on the assign-
mentprobabilitiesfor both the correctlyclassifiedandthe
misclassifiedsamplesgives considerableinsight into the
practicalbenefitof a probabilisticclassificationmodel. In
figure3 wehaveplottedhistogramsof estimatedassignment
probabilities,i.e.of theconfidencelevel aboutthepredicted
classlabel.
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Figure 3. Histograms of estimated assign-
ment probabilities, both for the misc lassi-
fied samples and the correctl y classified ones
(rescaled for equal maxim um value).

For the correctlyclassifiedsamples,this empiricaldis-
tribution is sharplypeaked at probability valuesbetweenq / rts and �
/ q , andrapidly decayswith decreasingcertainty
of classassignments.This meansthata correctlypredicted
label highly correlateswith a a high confidencelevel. On
thecontrary, thehistogramfor themisclassifiedpatternsis

6Theresultsfor 5-NN andSubspaceHSaretakenfrom [14]. The uwvªwª resultwith uGsyx is thebestoneamongu's{z}|�~�|�x�|�� .

widely spreadover a certaintyrangebetween
q / � and

q / � .
It is worth noticing that only 4 misclassifiedpattersattain
a probability larger that

q / � . This observation suggeststo
introducea doubtclassthat collectspatterswith uncertain
labels. A full text recognitionsystemcould benefitfrom
sucha doubtclassby assigningmoreweight to semantic-
basedpredictionmethodsfor elementsof this class.

In a last experiment,we comparedthe computational
performanceof PairwiseNKDA andstate-of-the-artSVM
algorithms. We areawarethat suchcomparisonsarediffi-
cult in practice,sincethe performanceof eitheralgorithm
heavily dependson certaintuning parameters.Neverthe-
less,we tried to make theexperimentalsetupasfair aspos-
sible. All experimentsareperformedunderthesamehard-
wareconditions,andthe measuredtimesarecorrectedfor
possibleoverheadsfor loading the samplesinto memory.
Thecomputationtimesfor separatingall 71classesaresum-
marizedin table2. We usedtwo highly tunedSVM pack-
ages,SVMlight V3.50 (see[15]) andSVMTorch II V1.07
(see[16]). As canbeeseen,PairwiseNKDA is significantly
fasterthanSVMTorch. The lattercanbeconsideredasone
of thebestSVM packagesavailable.It outperformsinterior-
point algorithms,suchasLOQO (see[12]), by several or-
dersof magnitude:for thefull samplesize( � (��
��� J�q ), a
singleCholesky decompositiontakesroughly100minutes.
If we assume,that10 interior-point iterations(andthus10
suchdecompositions)arerequiredfor eachof the 71 sub-
problems,thiswouldaccumulateto roughly � � � qL� minutes
( � s q days)for thewholelearningprocedure.

Table 2. Computation times for the 71-class
Hiragana dataset.

Algorithm Computation time

SVMlight V3.50 65 min
SVMTorch II V1.07 23 min
PairwiseNKDA 8 min

For computingthepairwiseclassificationrules,thetwo-
classNKDA methodwasiteratively approximatedby acon-
jugategradientmethod,as explainedin section2.1. The
iteration numberwas fixed to 20. Further iterationsdid
not improve the predictionaccuracy. Concerningthe ac-
tual trainingtimes,thereadershouldalsonoticethatweare
comparinghighly tunedSVM optimizationpackageswith a
straight-forwardPairwiseNKDA implementationthatbasi-
cally usesstandardroutinesfrom NumericalRecipes, [11].
We considerour implementationto yet possessampleop-
portunitiesfor furtheroptimization.



5. Conclusion

In thispaperwehavepresentedanew approachto multi-
classclassificationwith kernelmethods.In particular, we
have focusedon a kernelizedvariantof classicallineardis-
criminantanalysis,which we call NKDA. Comparedto the
SVM, themainadvantageof NKDA is its clearprobabilis-
tic interpretationwithin a Bayesianframework.

For multi-classproblems,we canusetheNKDA classi-
fier asa building block in a pairwisecouplingprocedure.
Themainideaof pairwisecouplingis to coupleall pairwise
decisionrules into an estimatefor the posteriorprobabil-
ity of classmembership.Besidesof conceptualadvantages
over classicalwaysof handlingmulti-classproblems,this
techniqueadditionallyhasa clearnumericaladvantage:for
afixednumberof trainingpatterns,thecomputationalcosts
reducelinearly in the numberof classes.Experimentsfor
the large-scaleproblemof handwrittenHiraganarecogni-
tion with 71classeshaveeffectively demonstratedthatPair-
wiseNKDA attainsa level of accuracy evensuperiorto the
SVM. Moreover, the useris providednot only with a pre-
dictedclasslabel,but alsowith anexplicite posteriorprob-
ability. We thusnot only have a single“hard” classassign-
ment,but we aregivena weightedlist of possiblelabels.

Besidesattainingan excellent level of predictionaccu-
racy, PairwiseNKDA alsoimposessignificantlylowercom-
putationalcostsastheSVM: evenour straight-forwardim-
plementationoutperformedoneof thebestSVM packages
available.WethusconcludethatPairwiseNKDA in general
is a highly suitedmethodfor dealingwith multi-classprob-
lems,in whichit is advantageousto quantifytheuncertainty
aboutthepredictedclasslabels.
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