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Abstract. We studytheproblemof multiclassclassificationwithin
the framework of error correcting output codes (ECOC) using
margin-basedbinary classifiers.An importantopenproblemin this
context is how to measurethedistancebetweenclasscodewordsand
theoutputsof theclassifiers.In this paperwe proposea new decod-
ing function thatcombinesthemargins throughanestimateof their
classconditionalprobabilities.We reportexperimentsusingsupport
vectormachinesasthebasebinaryclassifiers,showing theadvantage
of the proposeddecodingfunction over otherfunctionsof the mar-
gin commonlyusedin practice.We alsopresentnew theoreticalre-
sultsboundingtheleave-one-outerrorof ECOCof kernelmachines,
whichcanbeusedto tunekernelparameters.An empiricalvalidation
indicatesthattheboundleadsto goodestimatesof kernelparameters
andthecorrespondingclassifiersattainhighaccuracy.

Keywords: MachineLearning,ErrorCorrectingOutputCodes,Sup-
portVectorMachines,StatisticalLearningTheory.

1 Introduction and Notation

Many machinelearningalgorithmsareintrinsicallyconceivedfor bi-
naryclassification.However, many realworld learningproblemsre-
quirethat inputsaremappedinto oneof severalpossiblecategories.
The extensionof a binary algorithm to its multiclasscounterpart
is not always possibleor easyto conceive. An alternative consists
in reducinga multiclassprobleminto several binary sub-problems.
Perhapsthe mostgeneralreductionschemeis the information the-
oretic methodbasedon error correctingoutput codes(ECOC), in-
troducedby Dietterich and Bakiri [5] and more recentlyextended
in [1]. ECOC work in two steps:training and classification.Dur-
ing the first step, � binary classifiersaretrainedon � dichotomies
of the instancespace,formed by joining non overlappingsubsets
of classes.Assuming � classes,let us introducea “coding matrix”���	��
�����������������

which specifiesa relationbetweenclassesand
dichotomies.�����! � ( �����" 
� ) meansthatexamplesbelonging
to class# areusedaspositive (negative) examplesto train the $ 
 th
classifier % � . When � ���  � , pointsin class# arenot usedto train
the $ 
 th classifier. Thuseachclass # is encodedby the # 
 th row
of matrix

�
which we also denotedby &'� . Typically the classi-

fiersaretrainedindependently. Thisapproachis known asmulti-call
approach.Recentworks[8, 2] consideredalsothecasewhereclassi-
fiersaretrainedsimultaneously(single-callapproach).In this paper
we focuson the former approachalthoughsomeof the resultsmay(
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be extendedto the latter one. In the secondstepa new input + is
classifiedby computingthevectorformedby theoutputsof theclas-
sifiers, ,.-/+102 3-4% ( -/+10 �6565756� % � -/+1080 andchoosingthe classwhose
correspondingrow is closestto ,.-/+10 . In sodoing,classificationcan
beseenasadecodingoperationandtheclassof input + is computed
as 9�:�;=<>@?BA��C (1D -E&'� � ,.-/+1080 �
whereD is thedecodingfunction.In [5] theentriesof matrix

�
were

restrictedto take only binaryvaluesandthe D waschosento be the
Hammingdistance:F -E&G� � ,�0H IJ �8C ( K � ��� 
ML ? ; A -4% � 0 KN (1)

In the casethat thebinary learnersaremargin-basedclassifiers,[1]
shown theadvantageof usinga loss-basedfunctionof themargin

DPO -E&'� � ,�0Q IJ �8C ( F -/������%R�60
where

F
is a loss function. Sucha function hasthe advantageof

weightingtheconfidenceof eachclassifierthusallowing a morero-
bust classificationcriterion.The simplestlossfunction onecanuse
is the linear lossfor which

F -/� ��� % � 0S 
 � ��� % � but several other
choicesarepossibleand it is not clearwhich oneshouldwork the
best.In thecasethatall binaryclassifiersarecomputedby thesame
learningalgorithmAll wein, ShapireandSinger[1] proposedto setF

to be the sameloss function usedby that algorithm.In this pa-
perwe suggesta differentapproachwhich is basedon decodingvia
conditionalprobabilitiesof theoutputsof theclassifiers.Theadvan-
tagesofferedby ourapproachis twofold.First,theuseof conditional
probabilitiesallows to combinethe margins of eachclassifierin a
principledway. Second,the decodingfunction is itself a classcon-
ditionalprobabilitywhichcangive anestimateof multiclassification
confidence.This approachis discussedin Section2. In Section3
we presentexperiments,usingSVM asthe underlyingbinary clas-
sifiers,which enlightentheadvantageover otherproposeddecoding
schemes.In Section4 we study the generalizationerror of ECOC.
We presenta generalboundon the leave oneout error in the case
of ECOCof kernel machines.The boundcanbe usedfor estimat-
ing optimal kernel parameters.The novelty of this analysisis that
it allows multiclassparametersoptimizationeven thoughthebinary
classifiersaretrainedindependently. Wereportexperimentsshowing
that theboundleadsto goodestimatesof kernelparametersandthe
correspondingclassifiersattainhighaccuracy.



2 Decoding Functions Based on Conditional
Probabilities

Wehaveseenthatalossfunctionof themargin presentssomeadvan-
tageover thestandardHammingdistancebecauseit canencodethe
confidenceof eachclassifierin theECOC.This confidenceis, how-
ever, arelativequantity, i.e. therangeof thevaluesof themargin may
vary with the classifierused.Thus,just usinga linear lossfunction
may introducesomebiasin the final classificationin the sensethat
classifierswith a larger output rangewill receive a higherweight.
Not surprisingly, wewill seein theexperimentsbelow thattheHam-
ming distancecanwork betterthanthelinearandsoft-margin losses
in thecaseof pairwiseschemes.A straightforwardnormalizationin
someinterval, e.g. T 
���7�7U , canalsointroducebiassinceit doesnot
fully take into accountthe margin distribution. A more principled
approachis to estimatethe conditionalprobability of eachoutput
codebit V � giventheinput vector + . Assumingthatall the informa-
tion about + that is relevant for determiningV � is containedin the
margin %���-/+W0 (or %�� for short)theabove probabilityfor eachclassi-
fier is XY-EV � K % � � $R0 . Wecannow assumeasimplemodelfor theprob-
ability of Z giventhecodebitsV ( �6565756� V I . Theconditionalproba-
bility that Z[ =# shouldbe 1 if the configurationon V ( �6565756� V I
is thecodeof # , shouldbezeroif it is thecodeof someotherclass#�\Q] ^# , anduniform(i.e.

�R_ � if theconfigurationis notavalid class
code.Underthismodel,XY-/Z` ^# K ,�0Q ^XY-EV (  a� � ( �6565656� V I  b� � I K ,�01ced
being d aconstantthatcollectstheprobabilitymassdispersedontheN I 
 � invalid codes.Assumingthat V � and V �gf areconditionally
independentgiven + for each$ � $ \ , we canwrite the likelihoodthat
theresultingoutputcodeword is # as

XY-/Z' a# K ,�0h Ii�8C ( XY-EV �  ^� ��� K % � 0jckd 5 (2)

In this case,if d is small,thedecodingfunctionwill be:D -E& � � ,�0hl 
nmBo ; XY-/Z` a# K ,�0 5 (3)

The problem boils down to estimatingthe individual conditional
probabilitiesin Eq.(2).To doso,onecantry to fit aparametricmodel
ontheoutputproducedby a p -fold crossvalidationprocedure.In our
experimentswe choosethismodelto bea sigmoidcomputedona 3-
fold crossvalidationassuggestedin [10]:XY-EV �  a� ��� K % � � $R0h �� ckq7rPs �Rt � % � cvu � � 5
It is interestingto noticethatanadditionaladvantageof theproposed
decodingalgorithmis that the multiclassclassifieroutputsa condi-
tionalprobabilityratherthana mereclassdecision.

3 Experimental Comparison Between Different
Decoding Functions

Theproposeddecodingmethodis validatedontendatasetsfrom UCI
repository. Their characteristicsareshortlysummarizedin Table1.

We trainedmulticlassclassifiersusing SVM as the basebinary
classifier. In our experimentswe comparedour decodingstrategy to
Hammingandothercommonloss-baseddecodingschemes(linear,
and the soft margin lossusedto train SVM) for different typesof
ECOCschemes:one-vs-all,all-pairs,anddensematricesconsisting

Table 1. Characteristicsof theDatasetsused

Name Classes Train Test Inputs

Anneal 5 898 - 38
Ecoli 8 336 - 7
Glass 6 214 - 9
Letter 26 15000 5000 16
Optdigits 10 3823 1797 64
Pendigits 10 7494 3498 16
Satimage 6 4435 2000 36
Segment 7 1540 770 19
Soybean 19 683 - 35
Yeast 10 1484 - 8

of w�� columnsof
��
���6�R�

entries.SVM weretrainedona Gaussian
kernelwith the samevalueof the variancefor all the experiments.
For datasetswith lessthan2,000instancesweusedtenrandomsplits
of theavailabledata(pickingup2/3of examplesfor trainingand1/3
for testing)andaveragedresultsover the ten trials. For the remain-
ing datasetswe usedtheoriginal split definedin theUCI repository.
Resultsaresummarizedin Tables2–4.

Table 2. One-vs-All

Dataset Hamming Linear Soft-margin Likelihood

Anneal 94.4 94.8 94.8 96.4
Ecoli 64.9 79.0 79.0 76.8
Glass 27.6 54.9 54.9 59.6
Letter 30.9 69.8 69.8 76.8
Optdigits 94.8 97.2 97.2 97.1
Pendigits 90.8 94.5 94.5 94.8
Satimage 81.0 82.9 82.9 83.1
Segment 56.5 82.2 82.2 88.2
Soybean 75.7 92.1 92.1 92.7
Yeast 14.5 54.0 54.0 57.9

Table 3. All-Pairs

Dataset Hamming Linear Soft-margin Likelihood

Anneal 94.7 93.6 95.1 95.9
Ecoli 77.0 76.6 77.0 82.8
Glass 50.0 47.9 50.7 61.0
Letter 80.1 54.3 80.3 81.1
Optdigits 97.3 93.8 96.3 97.4
Pendigits 96.1 89.5 95.0 96.5
Satimage 85.3 75.2 84.9 85.0
Segment 84.9 70.5 85.5 86.1
Soybean 90.1 90.7 90.6 92.3
Yeast 52.7 53.1 52.6 58.6

Our likelihooddecodingworks significantlybetterfor all ECOC
schemes.This resultis particularlyclearin thecaseof pairwiseclas-
sifiers.In thecaseof denseECOCsomedichotomiescanbepartic-
ularly hard to learnand in this situationthe sigmoidmay be a too
simplemodelfor theconditionalprobability. We suspectthatby us-
ing a betterestimateof theconditionalprobabilityonecouldobtain



Table 4. DenseCodes

Dataset Hamming Linear Soft-margin Likelihood

Anneal 94.5 94.9 94.9 95.9
Ecoli 78.4 79.2 79.1 78.0
Glass 43.9 47.9 48.1 53.6
Letter 61.7 62.9 63.2 64.3
Optdigits 97.3 97.3 97.3 97.2
Pendigits 90.9 92.1 92.1 92.9
Satimage 81.3 82.6 82.5 82.9
Segment 82.7 84.3 84.3 85.7
Soybean 91.8 92.2 92.2 92.4
Yeast 50.4 54.2 54.2 56.8

betterresultswith thelikelihooddecoding.NoticethattheHamming
distanceworkswell in thecaseof pairwiseclassification,while it per-
formspoorly with one-vs-allclassifiers.Both resultsarenot surpris-
ing: theHammingdistancecorrespondsto themajority vote,which
is known to work well for pairwiseclassifiers[7] but doesnot make
muchsensefor one-vs-allbecausein this casetiesmayoccuroften.

4 Tuning Kernel Parameters

In this sectionwe studytheproblemof modelselectionin the case
of ECOC of Kernel Machines[12, 11, 6, 3]. The analysisusesa
leave-one-outerrorestimateasthekey quantityfor selectingthebest
model.We first recall the main featuresof kernelmachinesfor bi-
nary classification.For a moredetailedaccountconsistentwith the
notationsin this sectionsee[6].

4.1 Background on Kernel Machines

Kernelmachinesaretheminimizersof functionalsof theform:x T %jy�z|{ U  �} {J ~ C (h� -/�
~ %1-/+ ~ 080�c��W�7%W� )� � (4)

wherewe usethefollowing notation:� � -/+ ~ � � ~ 0 �n�����.
���6����� { ~ C ( is thetrainingset.� % is a function � �"����� � belongingto a reproducingkernel
Hilbert space� definedby a symmetricandpositive definiteker-
nel � , and �6%W� )� is thenormof % in thisspace.See[12, 13] for a
numberof kernels.Theclassificationis doneby takingthesignof
this function.� � -/��%1-/+1080 is a loss function whosechoicedeterminesdifferent
learningtechniques,eachleadingto adifferentlearningalgorithm
(for computingthecoefficients d ~ - seebelow). In this paperwe
assumethat � is monotonicnonincreasing.� � is calledtheregularizationparameterandis a positive constant.

Machinesof theform in Eq.(4) havebeenmotivatedin theframe-
work of statisticallearningtheory. Underrathergeneralconditions
thesolutionof Equation(4) is of theform�

%1-/+10h {J ~ C ( d
~ � ~ �e-/+ ~ � +10 5 (5)� Weassumethatthebiastermis incorporatedin thekernel � .

Let us introducethematrix � definedby � ~ �  ��e-/+ ~ � + � 0 . The
coefficients d ~ in Equation(5) arelearnedby solving the following
optimizationproblem:> 9 r�� x -/dH0H ����~ C ( ��-/d ~ 0 
 () � { ~ � � C ( d ~ d � � ~ � ~ � ~ �L8�¡ �¢ q7£7¤W¤ oY¥!�§¦ d ~ ¦©¨S�Wª  ����565657� } � (6)

where �«-¬ 0 is a concave functionand
¨  () {g® a constant.Support

VectorMachines(SVMs)area particularcaseof thesemachinesfor��-/dH0H ad . Thiscorrespondsto a lossfunction � in (4) thatis of the
form

K �¯
 ��%1-/+10 K ° , where
K ±�K °  ± if

±�² �
andzerootherwise.

Thepointsfor which d ~ ² � arecalledsupportvectors.
An importantpropertyof kernel machinesis that, sincewe as-

sumed� is symmetricandpositive definite,thekernelfunctioncan
bere-writtenas �e-/+ �³ 0Q �´J� C ( � �¡µ¶� -/+W0 µ¶� - ³ 0 5 (7)

where µ¶� -/+W0 aretheeigenfunctionsof the integral operatorassoci-
atedto kernel � and � �2· � their eigenvalues[4]. By setting ¸¹-/+10
to be the sequenceº» � �¡µ¶� -/+W08¼ � , we seethat � is a dot product
in a Hilbert spaceof sequences(called the featurespace),that is,�e-/+ �8³ 0H �¸¹-/+101¬R¸¹- ³ 0 . Thus,functionin Eq. (5) is a linearcombi-
nationof features,%1- ± 0h � ´� C (¡½ �Pµ¶� - ± 0 . Thegreatadvantageof
working with thecompactrepresentationin Eq. (5) is thatwe avoid
directlyestimatingthetheinfinite parameters½ � .

Finally, notethat kernel � canalsobe defined/built by choosing
the µ sand � sbut, in general,thosedonotneedto beknown andcan
beimplicitly definedby � .

4.2 Bounds on the Leave-One-Out Error

Wefirst introducesomemorenotation.Wedefinethemulticlassmar-
gin (seealso[1]) of point -/+ �¾ 0 to be¿ -/+ �g¾ 0H 
 D -E&`À � ,.-/+1080�c D -E&`Á6Â Ã � À�Ä � ,.-/+1080
with Å -/+ �8¾ 0H 9�:�; >@?BA Á�ÆC�À D -E& Á � ,.-/+1080 5
When ¿ -/+ �g¾ 0 is negative,point + is misclassified.Noticethatwhen�Ç N

andand
F

is the linear loss, ¿ -/+ �¾ 0 reducesto the defini-
tion of margin for a binary real valuedclassificationfunction. The
empiricalmisclassificationerrorcanbewrittenas:�} {J ~ C (�È - 
 ¿ -/+

~ �8¾ ~ 080 5
Theleave-one-out(LOO) erroris definedby�} {J ~ C ( È º 
 ¿

~ -/+ ~ �8¾ ~ 08¼
wherewehavedenotedby ¿ ~ -/+ ~ ��¾ ~ 0 themargin of example+ ~ when
theECOCis trainedonthedatasetz {ÊÉ � -/+ ~ �¾ ~ 0 � . TheLOO erroris
aninterestingquantityto look atwhenwewantto select/findtheop-
timum(hyper)parametersof a classificationfunction,asis analmost
unbiasedestimatorfor thetesterrorandwemayexpectthathismin-
imum will becloseto theminimumof the testerror. Unfortunately,
computingthe LOO error is time demandingwhen

}
is large.This



becomespracticallyimpossiblein thecasethatwe needto know the
LOO errorfor severalvaluesof theparametersof themachineused.

In the following theoremwe give a boundon the LOO error of
ECOCof kernelmachines.An interestingpropertyof this boundis
thatit only dependsonthesolutionof themachinetrainedonthefull
dataset(sotrainingthemachineoncewill suffice).Below we denote
by % � the $ 
 machine,% � -/+10� � �~ C ( d �~ � À�Ë/� � � -/+ ~ � +W0 , and let� �~ �  b� � -/+ ~ � + � 0 .
Theorem 1 Supposethedecodingfunctionusesthelinear lossfunc-
tion. Then, the LOO error of the ECOC of kernel machines is
boundedby �} {J ~ C ( È Ì 
 ¿ -/+

~ �8¾ ~ 0�c > 9 rÍ ÆC¶ÀÊË�Î Í -/+ ~ 0gÏ (8)

where wehavedefinedthefunction

Î Í -/+ ~ 0h `-E& Í 
 & Á 0W¬6,.-/+ ~ 0jc IJ �8C ( � ÀÊËE� -/� À�Ë/� 
 � Í � 0gd �
~ � �~Ð~

To prove this theoremwe first needthe following Lemmafor bi-
narykernelmachines.

Lemma 4.1 Let %1-/+W0 bethekernelmachineasdefinedin Equations
(5) and(6).Let % ~ -/+10 bethesolutionof (4) foundwhenthedatapoint-/+ ~ � � ~ 0 is removedfromthetraining set.We have� ~ %1-/+ ~ 0 
 d ~ � ~Ð~ ¦ � ~ % ~ -/+ ~ 0 ¦ � ~ %1-/+ ~ 0 5 (9)

Proof: The l.h.spart of Inequality(9) wasproved in [9]. Note that,
if + ~ is not a supportvector, %k Ñ% ~ andwe have a trivial inequal-
ity. Thussupposethat + ~ is a supportvector. To prove the r.h.s.in-
equalitywe observe that:

x T %jy�z { U"¦`x T % ~ y�z { U , and
x T %jy�z ~{ U ·x T % ~ y�z ~{ U . By subtractingthe secondboundfrom the first oneand

usingthedefinitionof
x

weobtainthat � -/�
~ %1-/+ ~ 080 ¦ � -/�

~ % ~ -/+ ~ 080 .
Then,theresultfollows by themonotonicallypropertyof � . Ò

We now turn to theproof of Theorem1. Our goal is to boundthe
differenceof the multiclassmargin of , and , ~ , Ób ¿ -/+ ~ �8¾ ~ 0 
¿ ~ -/+ ~ ��¾ ~ 0 . Let us apply Lemma 4.1 to eachSVM trained in the
ECOCprocedure.Inequality(9) canberewritten as� Í �7% ~� -/+ ~ 0H a� Í �7%���-/+ ~ 0 
 �Ô���nÀ Ë �Ê� Í � (10)

where � � is a parameterin T �P� d �~ � �~Ð~ U . Using this equationwe can
transformquantityÓ to thedesiredresultthroughthefollowing steps,
wherewe have defined

Å ~  9R:�; >@?BA Í ÆC¶À�Ë D -E& � � , ~ -/+1080 :ÓÕ &`À�ËH¬7,.-/+ ~ 0 
 & Á ¬6,.-/+ ~ 0 
�Ö &`À�ËH¬7, ~ -/+ ~ 0 
 & Á Ë ¬6, ~ -/+ ~ 0Ø× & À�Ë ¬7,.-/+ ~ 0 
 & À�Ë ¬�, ~ -/+ ~ 0�c Ö & Á Ë ¬6, ~ -/+ ~ 0 
 & Á ¬7,.-/+ ~ 0Ø× �J �C ( - � À Ë �70 ) �Ô�Hcb-E& Í 
 & Á 0�¬6,.-/+
~ 0 
 �J �8C ( �nÀ Ë � � Á Ë � �Ô� -E& Á Ë 
 & Á 0W¬6,.-/+ ~ 0jc �J �8C ( � ÀÊËE� -/� À�Ë/� 
 � Á Ë � 08� �

Then,boundin Eq. (8) follows by usingthedefinitionof
Å ~

andby
setting �Ô�« ad �~ � �~Ð~ . Ò

This theoremenlightenssomeinterestingpropertiesof theECOC
of kernelmachines.First,observe thatthelargerthemargin of anex-
ampleis, thelesslikely thatthispointwill becountedasaLOO error.

Second,if thenumberof supportvectorsof eachkernelmachineis
small,saylessthan Ù , theLOO errorwill beatmost �|Ú{ . Therefore,
if �HÙYÛ }

theLOO errorwill besmallandsowill bethetesterror.
We also notice that, althoughbound in Eq. (8) only usesthe

knowledgeabout the machinetrainedon the full dataset,it gives
an estimatecloseto the LOO error when the parameter̈ usedto
train the kernel machineis “small”. Small in this casemeansthat¨ÜL8� s { ~ C ( �e-/+ ~ � + ~ 0ÞÝ � .
4.3 Model Selection Experiments

Wenow show experimentswhereweusetheboundprovidedby The-
orem1 to selectoptimalkernelparameters.Wefocusedonfour of the
largestdatasetsandsearchedthebestvalueof thevarianceß of the
Gaussiankernel.To simplify the problemwe searcheda common
value for all the binary classifiers.Figures1–3 show the test error
andourLOO estimatefor differentvaluesof à� (á )gâ�ã for thethree
ECOCschemesconsidered.
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Figure 1. One-vs-all:TesterrorandLOO errorboundasa functionof the
logarithmof theparameterä for satimage(left) andoptdigits(right) datasets.

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.01 0.1 1 10 100

LOO Bound
Test Error

Figure 2. All-pairs: TesterrorandLOO errorboundasa functionof the
logarithmof theparameterä for satimage(left) andoptdigits(right) datasets.
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Figure 3. Dense-codes:TesterrorandLOO errorboundasa functionof
thelogarithmof theparameterä for satimage(left) andoptdigits(right)

datasets.



Resultsindicatethat the minimum of our LOO estimateis very
closeto theminimumof thetesterror, althoughwe oftenobserveda
slight biastowardssmallervaluesof thevariance.Experimentswith
all ECOCschemeswererepeatedwith suchoptimalparameters.Ta-
bles5–7show thatwecanimproveperformancesignificantly. Notice
thatin thecaseof one-vs-allanddensecodestheadvantageof using
likelihooddecodingis lessevident thanin experimentsin section3.
We conjecturethat this may be dueto the fact that likelihoodesti-
matesare computedon a 3-fold crossvalidation, thus the optimal
valueof the varianceshouldbe computedseparatelyfor eachfold.
Moreover the bias issuesdiscussedabove may further affect such
estimates.We will investigatesuchproblemsin futureexperiments.

Table 5. One-vs-all:Optimizingthevarianceof theGaussiankernel

Dataset Hamming Linear Soft-margin Likelihood

Optdigits 79.1 98.1 98.1 98.2
Pendigits 95.5 98.1 98.1 98.0
Satimage 82.9 90.8 90.8 91.0
Segment 89.1 94.8 94.8 94.8

Table 6. All-pairs: Optimizingthevarianceof theGaussiankernel

Dataset Hamming Linear Soft-margin Likelihood

Optdigits 97.9 97.2 97.2 98.0
Pendigits 97.7 96.9 97.2 98.1
Satimage 90.6 90.2 90.7 90.9
Segment 94.2 94.3 94.3 95.3

Table 7. Dense-codes:Optimizingthevarianceof theGaussiankernel

Dataset Hamming Linear Soft-margin Likelihood

Optdigits 97.3 97.6 97.6 98.1
Pendigits 98.0 97.9 97.9 98.1
Satimage 89.6 90.4 90.4 90.7
Segment 93.8 94.8 94.8 94.9

5 Conclusions

WestudiedECOCconstructedonmargin basedbinaryclassifiersun-
dertwo complementaryperspectives:theuseof conditionalprobabil-
ities for building a decodingfunction,andtheuseof a theoretically
estimatedboundontheleave-one-outerrorfor optimizingkernelpa-
rameters.Ourexperimentsshow thattransformingmarginsinto con-
ditionalprobabilitiesis veryeffectiveandimprovestheoverall accu-
racy of multiclassclassificationin comparisonto standardloss-based
decodingschemes.Moreover, fitting Gaussiankernelparametersby
meansof our theoreticalboundfurtherimprovesclassificationaccu-
racy of ECOCmachines.
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