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1 Abstract

TheOutputCodingtechniquefor solvingmulti-classlearningproblemswasorig-
inally proposedwith rows of anerror-corectingcodematrix actingascodewords
to representtheclasses.We summarisethe requirementson designof thebinary
stringsin thecodematrix andconsideralternatecombiningstrategies.For shorter
codes,it is shown thatbothcodedesignandcombiningstrategy canaffectgeneral-
isation.Examplesarepresentedon syntheticdata,on naturalbenchmarkdataand
on anapplicationin faceverification.

2 Intr oduction

Traditionally, theapproachthathasbeenusedin thedesignof patternclassification
systemsis to experimentallyassesstheperformanceof severalclassifierswith the
ideathat thebestonewill bechosen.However, the theoryof ensembleclassifiers
representsa departurefrom thetraditionalstrategy andhasbeendevelopedin the
pastdecadeto addresstheproblemof designingasystemwith improvedaccuracy.
Recognisingthat eachclassifiermay make differentandperhapscomplementary
errors,theaim is to pool togethertheresultsfrom all classifiersto find acomposite
systemthat outperformsany individual classifier. In this way a singlecomplex
classifiermaybereplacedby asetof relatively simpleclassifiers.In thecontext of
asystemof multiple classifierstheseconstituentclassifiersaresometimesreferred
to asbaseclassifiers.

It is known thatcertainconditionsneedto besatisfiedto realisethe improve-
mentfrom combiningmultiple classifiers,in particularthat thebaseclassifiersbe
not toohighly correlated[23]. If eachclassifiersolvesaslightly differentproblem,
thencompositeperformancemayimprove. Variouslearningtechniqueshave been
devisedwith the aim of creatingdiversesub-problems,therebyreducingcorrela-
tion betweenclassifiersbeforecombining.Thesecorrelationreductiontechniques
are of varioustypesand include: (i) reducingdimensionof training set to give
different featuresets,(ii) incorporatingdifferent typesof baseclassifier, (iii) de-
signingbaseclassifierswith differentparametersfor sametype of classifier, (iv)
re-samplingtraining setso eachclassifieris specialisedon different subset,and
(v) codingmulti-classoutputsto createcomplementarytwo-classproblems.The
well-known techniquesof Bagging[3] andBoosting[7] arein category (iv), while
OutputCoding,describedin Section3, is in category (v).

Baggingand the original form of Boostingare both voting algorithmsand
achieve impressive resultsfor someproblemsby combininghard-level classifi-
cations.By hard-level we meanthata single-hypothesisdecisionis takenfor each
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baseclassifier, in contrastwith soft-level whichimpliesameasureof confidenceas-
sociatedwith thedecision.Bagging(from BootstrapAggregating)formsreplicate
training setsby samplingwith replacement,andcombinesthe resultantclassifi-
cationswith a majority vote. Boosting,which combineswith a weightedvote is
morecomplex thanBaggingin thatthedistribution of thetrainingsetis adaptively
changedbasedupontheperformanceof sequentiallyconstructedclassifiers.Each
new classifieris usedto adaptively filter andre-weightthetrainingset,sothat the
next classifierin thesequencehasincreasedprobabilityof selectingpatternsthat
have beenpreviously mis-classified.

TheOutputCodingmethoddoesnotre-samplethetrainingsetaswith Bagging
andBoosting,but rathercreatesdiversetwo-classsub-problemsby relabellingthe
training patternsaccordingto a setof binary strings. In this way, eachclassifier
is solvinga differentsub-problemof theoriginal problem.A usefulway of trying
to understandcorrelationreductionby classre-labellingis to interprettheimplied
partitioningof the input space,asshown in the examplein Section6 usingsyn-
theticdata.Thereareseveralmotivationsfor decomposinga multi-classproblem
into separateandcomplementarytwo-classproblems.Firstly someaccurateand
efficient two-classclassifiersdo not naturally scaleup to multi-class. Attention
canthenbe focusedon developingan effective techniquefor the two-classcase,
without having to considerexplicitly thedesignandautomationof themulti-class
classifier. Secondly, it is hopedthat the parametersof a simpleparallelmachine
run several timesareeasierto setthana complex machinerun onceandmay fa-
cilitate more efficient solutions. Finally, solving different2-classsub-problems,
perhapsrepeatedlywith randomperturbation,mayhelpto reduceerrorevident in
theoriginalproblem.

3 Output coding

First considertheneedfor a suitableOutputCodingwith referenceto theoutput
representationusedwith aMulti-layer Perceptron(MLP) network, which is apop-
ularbaseclassifier. A singlemultipleoutputMLP canhandleamulticlassproblem
directly. Thestandardtechniqueis to usea � -dimensionalbinarytargetstringthat
representseachoneof � classesusinga singlebinary valueat thecorresponding
position,for example � ���������	����
��
���������	��� which is sometimesreferredto asone-per-
class(OPC)encoding.The reasonthat a singlemulticlassMLP is not a suitable
candidatefor usewith OutputCodingis thatall nodessharein thesametraining,
soerrorsarefar from independentandthereis notmuchbenefitto begainedfrom
combining[16]. However if a 2-classMLP is usedas baseclassifier, indepen-
denceamongclassifierscanbeachievedby theproblemdecompositiondefinedby
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thestring,aswell asby injectionof randomnessthroughthestartingweights.Of
course,no guaranteecanbe given that a singleMLP with superiorperformance
will never be found, but the assumptionis that even if oneexists its parameters
wouldbemoredifficult to determine.

An alternative to OPC is distributed output coding [21], in which � binary
stringsareassignedto � classeson thebasisof meaningfulfeaturescorresponding
to eachbit position. For this to provide a suitabledecompositionsomedomain
knowledgeis requiredsothateachclassifieroutputcanbeinterpretedasa binary
featurewhichindicatesthepresenceor otherwiseof ausefulfeatureof theproblem
at hand.Thestringsaretreatedascodewordsanda testpatternis assignedto the
classthat is closestto the correspondingcodeword. It is this methodof string
matching,which is analogousto theassignmentstageof error-correctingcoding,
thatprovidesthemotivationfor employing error-correctingcodesin classification.

3.1 Err or-Corr ecting Output Coding (ECOC)

The Error-CorrectingOutput Coding (ECOC) method[6], describedin Section
3.2,is a two stagemethod.Thesecondstageis thecombiningstep,basedonerror-
correctingprinciplesundertheassumptionthatthelearningtaskcanbemodelledas
acommunicationproblem,in whichclassinformationis transmittedoverachannel
[5]. In thismodel,errorsintroducedinto theprocessarisefrom varioussourcesin-
cludingthelearningalgorithm,featuresandfinite trainingsample.For a two-class
problem,classificationerrorscanbeoneof two types,eitherpredictedclass��� for
target class ��� or predictedclass ��� for target class ��� . From the transmission
channelviewpoint, we would expectthat theone-per-class(OPC)anddistributed
outputcodingmatriceswouldnotperformaswell astheECOCmatrix,becauseof
inferior error-correctingcapability.

Thefirst stageof theECOCmethodprovidesthedecompositionstrategy, which
is the re-labelling of patternsdefinedby the Output Coding matrix. Each re-
labelledclasscontainspatternsfrom a numberof the classesfrom the original
problem. Thereexists anothercategory of methodsfor decomposinga complex
multiclassprobleminto simpler two-classsub-problems.In this other category,
eachbaseclassifieris capableof distinguishingbetweena pair of classes,which
meansthatthefinal decisionboundaryis madeupof decisionboundariesthateach
originatefrom just two classes.Methodslike binary decisionclustering[24] and
pairwisecoupling [9] are includedin this category. The main advantageis that
sub-problemsarenormally simpler, which meansthat the decisionboundaryof
eachsub-problemis lesscomplex. However, eachsub-problemis basedon only a
subsetof patternsandthismaycausesomedifficultiesin training.Furthermoreall
boundariesbetweenpairsof classesareneededto reconstructtheoriginal bound-
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ary, whichcanleadto a largenumberof baseclassifiers( ��� ���� ������� � �"! � for a � class
problem).In contrasttheECOCapproachrequiresfewer but morepowerful clas-
sifierswith theability to repeatpartsof thedecisionboundary, which canreduce
variability asshown in [13].

3.2 ECOC algorithm

In the ECOC method,a �$#%� codeword matrix & hasonestring (codeword)
for eachof � classes,with eachcolumndefiningoneof � sub-problemsthat use
a differentlabelling. Specifically, for the ' th sub-problem,a trainingpatternwith
targetclass(*) ( +,�-
������.� ) is re-labelledeitherasclass��� or asclass��� depending
on thevalueof &,)	/ (typically 0 or 1). Oneway of looking at there-labellingis to
considerthatfor eachcolumnthe � classesarearrangedinto two super-classes���
and ��� . The ' th ('0�1
������.� ) classifieris trainedusingre-labelledpatternsfrom the' th sub-problem.

Forexample,in afive-classproblemif the'3254 columnof & isgivenby ��
��6
7
�����8
therelabellingassociatedwith the '7294 classifiermeansthat trainingpatternswith
targetclassesrepresentedby thefirst, third andfourth rows of & comprisesuper-
class� � andtheremainingtrainingpatternscomprisesuperclass� � .

A testpatternis appliedto the � trainedclassifiersgiving: �;� <=� �
<7���������	<7>?� 8 (1)

in which < / is theoutput(usuallyreal-valued)of ' th baseclassifier. Thedistance
between: andcodeword for eachclassis givenby@ �) � >A/CBD� E &,)	/�FG<�/ E (2)

andthepatternis assignedto theclass(*) correspondingto closestcodewordHJI�KML +ONP)
Q @ �)�R .
Originally thematchingwasbasedonHammingDistance,but whenit couldbe

shown thatECOCproducedgoodprobabilityestimates[14] thecombiningscheme
waschangedto soft-level, equation(2) which representsthe

@ � norm.

4 String Design

When the Output Coding techniquewasfirst developedit wasbelieved that the
codematrix shouldbe designedusing error-correctingprinciplesto enableit to
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generalisewell [5, 6]. Variouscodeshave sincebeenproposed,but mostcodema-
tricesthathave beeninvestigatedpreviously arebinaryandproblem-independent,
that is pre-designed.Randomcodeshave received muchattention,andwerefirst
mentionedin [5] asperformingwell in comparisonwith error-correctingcodes.In
[6] random,exhaustive, hill-climbing searchandBCH codingmethodswereused
to producecodematricesfor differentcolumnlengths.Randomcodeswereinves-
tigatedin [20] for combiningBoostingwith OutputCoding,andit wasshown that
a randomcodewith a nearequalcolumnsplit of labelswastheoreticallybetter.
Randomcodeswerealsoshown in [11] to give Bayesianperformanceif pairsof
codewordswereequidistant,andit wasclaimedthata long enoughrandomcode
would not be outperformedby a pre-definedcode. Although variousheuristics
havebeenemployedto producebetterbinaryproblem-independentcodesthereap-
pearsto be little evidenceto suggestthat performancesignificantly improvesby
a clever choiceof code,exceptthat OPCis usuallyinferior [1, 5, 6]. Recentlya
three-valuedcode[1] wassuggestedwhich allows specifiedclassesto beomitted
from consideration(don’t carefor third value),therebypermittingintegratedrep-
resentationof methodssuchaspairwisecoupling[9]. Anotherrecentdevelopment
is describedin [4] in which problem-dependentcodesare investigatedand it is
claimedthatdesignedcontinuouscodesshow morepromisethandesigneddiscrete
codes.

In theOutputCodingframework thechoiceof codematrix mayaffect perfor-
mance.Beforelooking at propertiesof thecodematrix thatreducegeneralisation
error, we first notethat therearethreekindsof errorsthatcanbedistinguishedin
thisframework. Firstthereis theBayesianerror, whichisduetooverlappedclasses
andcannotberemovedby combining,error-correctingor any othermethod.Sec-
ondly thereis baseclassifieraddederror, which is relatedto the trainingof base
classifiers,andwhichwehopeto removeby theerror-correctingcapabilityof code
words. Finally thereis the combiningerror, which is introducedby the way in
which we chooseto combinetheoutputsof baseclassifiers,andis presentevenif
all classifiersareperfect(behave like Bayesianclassifier).

4.1 Maximum DistanceCode

It seemsreasonablethat the greaterthe HammingDistancebetweencodewords
the morelikely that error will be reduced,sincethe codematrix mapsthe prob-
lem into a differentspacein which classesaremoreeasilyseparated.In addition,
sub-problemsaremoreindependentandlikely to benefitfrom combiningif Ham-
mingDistancebetweencolumnsis maximised,rememberingthatacolumnandits
complementrepresentidenticalclassificationproblems[6]. Thereforethefirst two
desirablepropertiesof thecodematrix aremaximumHammingdistancebetween
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rows andbetweencolumns.

4.2 Equidistant codeand Bayesrule

Considerthat thedecompositionof a multiclassclassificationprobleminto binary
sub-problemsin Output Coding can be interpretedas a transformationbetween
spacesfrom theoriginal output S to : , givenin matrix form by: �T& 8 S (3)

whereS areindividual classprobabilities.
Fromthedistance-baseddecisionrule in (2) andusing(3)@ �) � >A/UBD� E Q �A V BD�XW V & V / R FY&Z)�/ E (4)

andknowing that [ �V BD� W V �\
 wehave@ �) � >A/CBD� E ) � �A V BD�]W V & V /_^ W )`&Z)�/ ^ �AV Ba)cbD�MW V & V / FY&,)	/ E d �-
��"eM�����.� (5)

andtherefore @ �) �;Q5
�F W ) R >A/UBD� �A V BD� E &Z)�/�FY& V / E (6)

Considerthe situationthat theHammingDistancebetween+`294 and '3254 code
word is equalfor any + and ' , +gf�h' . Thenfrom (6), we seethatwhenall pairsof
codewordsareequidistant,minimising

@ �) impliesmaximisingposteriorprobabil-
ity which is equivalentto Bayesrule (asalsoderivedin [10, 27])HiI�KMLkjml )
Q W ) R � HiI�KML +ONP)5Q @ �) R (7)

Therefore,any variation in HammingDistancebetweenpairsof codewords
will reducetheeffectivenessof thecombiningstrategy. The third desirableprop-
ertyof thecodematrix is equalHammingDistancebetweenall pairsof rows.

4.3 Equidistant codeand unbiaseddistance

Considerthe casethat thereis a singleoutput for eachclassifier( <�/ ) so that we
canassumethata thresholdexistswhich separatesthemembersof the two super
groupsof classes.If thethresholdfor all classifiersis half way betweenthebinary
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limit values(0.5 for 0-1 binary), therewill be a fair comparisonof distanceto
eachcodeword. However if thereexistssomebaseclassifierbiasthat causesthe
thresholdto move away from the mid-position,then the comparisonwill not be
fair unlessthereareanequalnumberof 1’s in eachcodeword. Thereforethethird
desiredpropertyof thecodematrix is equalnumberof 1’s in all codewords.

Now weshow thatanequidistantcodeautomaticallysatisfiesthisproperty. Let& beanequidistantcodewith n bitserror-correctingcapability, [ >V BD� E & ) V Fo& / V E �e�n ^ 
 for any pair +9�p' . SinceHammingDistancebetweenpair +9�p' is thesumof
thenumberof 
 s in row + androw ' minusnumberof common
 s between+9�p' we
maywrite >A V BD� & ) V ^ >A V BD� & / V F$e >A V BD� & ) V & / V �qe�n ^ 
 (8)

similar equationscanbewritten for pair +
�"� andpair '7�"�>A V BD� & ) V ^ >A V BD� & � V F$e >A V BD� & ) V & � V �qe�n ^ 
 (9)>A V BD� & / V ^ >A V BD� & � V F$e >A V BD� & / V & � V �qe�n ^ 
 (10)

From(8), (9),(10)afterre-arranging>A V BD� & ) V & / V � >A V BD� & � V & / V � >A V BD� & � V & ) V �hr (11)

where r is numberof common
 s in codeword,and>A V BD� & ) V � >A V BD� & � V � >A V BD� & / V �hN (12)

where N is thenumberof 
 s in eachrow.
Thereforeif & is anequidistantmatrix, thereis thesamenumberof 
 s in any

row, andthesamenumberof common
 sbetweenany pairof rows,and & provides
anunbiaseddistancemeasurement.Forexample,if &s& 8 canbewrittenin theform

&s& 8 � tuuuv N r w�w�wxrr N w�w�wxr
. . . . . . . . . . . . . .r r w�w�wyN

z.{{{| (13)

thenproperties(11)and(12)areautomaticallysatisfiedsince
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&i& 8 � >A V BD� & ) V & 8V / � >A V BD� & ) V & / V �~} N if i=jr otherwise

4.4 Summary of Constraints

The main constraintsfor designingset of binary stringsthat make up the code
matrixarethereforeasfollows� minimumHammingDistancebetweenrows (error-correctingcapability)� variationof HammingDistancebetweenrows (effectivenessof combining)� numberof columns( repetitionof differentpartsof sub-problems)� HammingDistancebetweencolumnsandcomplementof columns(indepen-

denceof baseclassifiers)

Fromthe theoryof error-correctingcodes[19] we know that finding a matrix
with long codewords,andhaving maximumandequaldistancebetweenall pairs
of rows is complex. In the examplein Section6, random,equidistantandnon-
equidistantcodematricesarecomparedasnumberof columnsis varied. It shows
that as codelength increasesthe differencein performancebetweenequidistant
andrandomcodesbecomeslesssignificant.Equidistantcodescanbeproducedby
usingtheBCH method[19], whichemploysalgebraictechniquesfrom Galoisfield
theory. Thenumberof rows is over-produced(BCH requiresnumberto bepower
of 2), beforeusingproperties(11) and(12) to selecta subsetof strings.Of course
thesepropertiesprovide only necessaryconditionsfor equidistantstringsandso
cannotbeusedto generatethemin isolation.

4.5 CodeSensitivity

Thereis anotherissue,in additionto thosedescribedin Section4.4, thatmayaf-
fect performance.Sincein practicetheoverlapbetweenclassescanbe different,
we might suspectthat certaincodewordsarebettersuitedto somesuper-classes
morethanothers.Althoughit would seema goodideato usea labellingin which
distancebetweenlabelsis basedon distancebetweenclasses(e.g. Mahalanobis
distance),theadditionalconstraintis likely to bedifficult to implement.Takinga
differentapproach[27] thefollowing modificationto ECOCis suggested,in which
all codewordsareusedfor eachclassto reducesensitivity to codewordselection.

In training, circularly shift one row of ECOC matrix � times, and for each
singleshift train � baseclassifiers.In testing,computethedistance

@ ���� for class
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( ) between� -dimensionalbaseclassifieroutputsandstringcorrespondingto class(*) . After averagingthefinal distancemeasurement,assignpatternto class(*) given
by

HJI�K r�+ONP)3[ �� BD� @ ���� .
5 Alter nateCombining Strategies

A varietyof combiningstrategieshave beenproposedfor OutputCodingbesides@ � norm,referredto hereasL1-OC. Othercombiningstrategiesdiscussedin this
sectionincludethreeapproachesfor recoveringindividualclassprobabilities,which
areLeastSquares(LS-OC),InverseHammingDistance(IHD-OC) andLineares-
timation (Lin-OC). For thesethreemethodsthe classificationdecisionis based
on maximisingthe probability estimate. One further methodis also described,
Dempster-Shafer(DS-OC)basedon maximisingprobability massfunction [22].
Theoriginal HammingDistancecombiningstrategy (HD-OC) wasshown in [13]
to be analogousto majority vote over the classes.BesidesL1-OC, LS-OC has
beenthe mostextensively investigated.The justification for LS-OC in termsof
probability estimationwasreportedin [14], andin [10] LS-OC wasextendedby
incorporatingridgedregressionwhen � is small.

5.1 Least squares(LS-OC)

Recovering individual classprobabilitiesfrom super-classprobabilitiesis easily
accomplishedif the individual probability estimatesareexact and if the � inde-
pendentequationsthat result from equation(3) canbe solved. In practice,base
classifierswill notproducecorrectprobabilitiesbut wecanmodeltheerrorassum-
ing that theexpectedvalueof theerror is zerofor unbiasedprobabilityestimates
[8]. In general &�8 is not a squarematrix, andso doesnot have an inverse,butSD� , anoptimalvalueof S in equation(3), canbefoundusingthemethodof least
squares S � �;QO&s& 8 R � � & : (14)

usingacostfunctionsuchas Q : FY& 8 S R 8 Q : FY& 8 S R .
5.2 InverseHamming Distance(IHD-OC)

Fromequation(2) we maywrite thematrixequation��� �T��S (15)
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where
� � ��� @ �� � @ �� ��������� @ �� � and � is a matrix whoseelement� )	/ representsthe

HammingDistancebetweenrow + androw ' . Sincethe elementsof � arenon-
negative, � canbeinvertedto find anestimatefor S .

5.3 Linear estimation (Lin-OC)

The assumptionhereis that thereis a linear relationshipbetweenoutputsof the
baseclassifiersandindividual classprobabilities.

W )D� >A/UBD�6� )�/�<�/ +��-
������.� (16)

where >A/CBD� � )	/��-
 +��;
������.� (17)

Althoughthereareseveralwaysto estimatetheweights,a simpleapproachis
to count,for eachcolumn,thenumberof timesthata trainingpatternbelongsboth
to class(*) andto superclass��� . Thecountis repeatedfor all classes( +_��
��������.� )
andnormalisedasin (17).

5.4 Dempster-Shafer (DS-OC)

TheDempster-Shaferapproachto combiningprovidesa mathematicalframework
whichmayberegardedasageneralisedform of Bayesianstatistics[22]. It is based
upontheconceptof probabilitymassfunction(basicprobabilityassignment)which
assignsa valueto a subsetof propositions.We assumethat thereare � elemental
propositions,oneeachfor the � classesto which a patterncanbeassigned.In the
context of OutputCodingeachcolumnof the codematrix & definesa partition-
ing into two superclassesasdescribedin Section3.2. A superclassis a subsetof
the � classesandrepresentsoneof e � possiblesubsetsin Dempster-Shafertheory.
Therefore,eachcolumncanberegardedasproviding evidencefor classmember-
ship,whichcanbecombinedwith evidencefrom previouscolumns.

Themassfunctionof the '7294 baseclassifieris setto r0/3Q H / R = � <�/ 
�F�<�/U� for
thetwo superclasses��� and ��� , where<�/ is the '7294 baseclassifieroutput(defined
in (1)), and

H / representsthedecompositiondefinedby the '3254 columnof & . The
evidencefor the Q�' ^ 
 R 254 baseclassifiercanbe combinedrecursively with evi-
dencefrom theprevious ' classifiersby invoking Dempster’s rule of combination
to calculatetheorthogonalsum r0/_��r0/CbD�
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r0/CbD���1� r0/���r0/CbD�5���\
 ��� A�M�C�3�����6� r0/=Q H / R r0/CbD� Q H /UbD� R (18)

wherenormalisationfactorK is givenby 
�F [ ���U�=�M�?��� BD�9� r0/3Q H / R r0/CbD��Q H /CbD� R .
Initially with '���
 equation(18) gives r�����r ���kr�� , andequation(18) is
appliedrecursively for '¡�-
��������.�DF¢
 to find themassfunctionfor thecombination
of � classifiers.The decisionstrategy is to assignthe classcorrespondingto the
maximumprobabilitymassfunction.

6 Examples

6.1 Synthetic Data

An artificial five-classoverlappingGaussianproblemis definedby five groupsof
two-dimensionalrandomvectorshaving normal distribution, shown in Table 1.
Theclassifiersarenot trained,but usingtheparametersfrom Table1, theposterior
probability of super-classmembershipis computed.The Bayesrate for this five
classproblemis 74.28%,andtheBayes(optimum)decisionboundaryis shown in
figure1.

class (�� (�� (�£ (*¤ (�¥¦ ) (mean) [0,0] [3,0] [0,5] [7,0] [0,9]§ �) ( variance) 1 4 9 25 64

Table1: Distribution parametersof datausedin artificial benchmark

Thefollowing codematricesareusedin theseexperiments:

C1: �¨# � one-per-class(OPC:1son maindiagonal0 elsewhere))
C2: �¨#ª© matrixwith randomlychosenbinaryelements
C3: �¨#ª© BCH code( minimumdistanceof 3, non-equal)
C4: �¨#ª© BCH codewith equaldistanceof 4
C5: �¨#G
�« matrixwith randomlychosenbinaryelements
C6: �¨#G
�« BCH codewith equaldistanceof 8

To determinerobustnessof the OutputCodingframework, Gaussianrandom
noisewith differentmean( ¦ � ) andvariance( § �� ), is addedto thesoft-level (real-
valued)outputof baseclassifiersto simulatenoisy imperfectclassifiers.Decision
boundariesin figure2(a)(codeC1)andfigure2(b) (codeC4) demonstratethedif-
ferencebetweenone-per-class(OPC)andtheECOCconcept.By comparingwith
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theBayesboundaryshown in figure1, wecanseethateachclassifierconcentrates
on differentpart of the input space.So eachclassifierhasa lesscomplex prob-
lem to handlecomparedwith thecompleteboundarythatwould, for example,be
handledby a singlemulticlassclassifier. Figure2(b) alsoshows how someparts
of theboundaryappearin morethanoneclassifier, andsoarelearnedrepeatedly,
asinvestigatedin [13, 25]. For addednoise( ¦ � �1� , § �� �����.e7« ) figure3(a)and
figure3(b) show respectively theC1 andC4 decisionboundariesof theensemble
asnumberof individual classifiersis increased.A comparisonshows that code
C4,by virtueof repeatedlearningof partsof decisionboundaries,moreeffectively
reducesvariance.

Figure4 showsaplot of thepercentagematchwith Bayesrateaslevel of noise
is increasedanddemonstratestherobustnessof ECOCwhenit hasbeenmodified
to reducesensitivity to codeword selection(Section4.5). The error-correcting
capabilityfor codesC2,C4, C6, C5 is 1,3,7,2bits respectively. Fromfigure4 the
following pointscanbeobserved:� if no noiseis added,theequidistantmatricesC4, C6 matchBayesrateper-

fectly� if thenumberof classifiersis thesame,theequidistantcodeperformsslightly
betterthanrandomcode,shown by comparingC5 with C6 (b = 15) andC4
with C2 (b = 7)� if longer randomcodeis used,repetitionof sub-problemsgives improved
performanceeven if error-correctioncapabilityis reduced,shown by com-
paringC5 with C4

Figure5comparesoriginalandmodifieddecisionboundarieswhennoise( ¦ � �� , § �� �q���.e7« ) isaddedto eachindividualclassifier, andconfirmsthaterrorvariance
hasbeenreduced.

6.2 Popular Benchmark Data

Simpletwo-dimensionaldatashown in theexamplein Section6.1isnotnecessarily
representative of realdata,soit is interestingto seeperformanceon somepopular
benchmarks(See[2] for a descriptionof the datasets).The baseclassifieris a
conventionalsinglehiddenlayerMLP trainedby Levenberg-Marquardtalgorithm,
with default trainingparameters.

Thereare fifty epochsof training and the numberof hiddennodesfor the
datasetsis (zoo/1, car/1, vehicle/5, glass/2,satellite/2). Table 2 gives a com-
parisonof codesandcombiningstrategiesover the five datasetsfor codesC1 to
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Code L1 LS IHD Lin DS
C1* 0.91 0.91 0.91 0.91 0.91
C2 0.89 0.83 0.61 0.58 0.90
C3 0.84 0.84 0.83 0.82 0.84
C4* 0.92 0.92 0.92 0.92 0.92
C5 0.97 0.97 0.97 0.94 0.97
C6* 0.97 0.97 0.97 0.97 0.99

Table2: Meanvalueover five databasesof ratio of classificationrateof specified
coding/combining(* equidistant)strategy to maximumclassificationrateover all
strategiesfor aparticulardatabase

C6, whereeachentrydenotesthemeanratio of classificationrateat thespecified
code/combiningstrategy to the bestclassificationrate for that problemover all
strategies.Fromtable2, wecanobserve thatlongercodesgenerallyperformbetter
but combiningstrategy appearsto have little impactonperformance.However, for
codeC2 theresultsfor IHD-OC andLin-OC demonstratethat thesetwo combin-
ing strategiesaremoresensitive to shortercodesthanthe others.For 7-bit code,
equidistantperformsbest(C2andC3 comparedwith C4). For the15-bit code,the
individual resultsshow that randomis betterfor zoo (error rate5.2% compared
with 6.5%)andfor car(errorrate25.5%comparedwith 27.2%).while equidistant
is betterfor theotherthreedatasets,but thereis no differencein meanratio.

On seven data-sets(zoo, vehicle,segment,iris, glass,cmc, car) with ten in-
dependentrunsthe improvementin testerror rateof modified(Section4.5) over
original ECOCis 5% meanand30% standarddeviation averagedover the seven
data-sets.Furtherdetailsmaybefoundin [26].

6.3 FaceVerification

Automationof asystemthatperformspersonalidentityverificationmayuseavari-
etyof biometricmodalitiesincludingfacialfeatures,voicecharacteristics,iris scan,
fingerprints.Facialimagesareapopularsourceof biometricinformationsincethey
arerelatively easyto acquire,andprovidediscriminatoryfeaturesroutinelyusedby
humansfor recognition.However automatedfaceverificationsystemsoftenhave
poorlevelsof performanceandimproving themis known to beadifficult task.

The extendedM2VTS (XM2VTS) databasecontains295 subjects,who were
recordedin four separatesessionsuniformly distributedoveraperiodof 5 months,
andwithin eachsessiona numberof shotsweretakenincludingbothfrontal-view
androtationsequences.Somesampleprofilesareshown in figure6,andfurtherde-
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tails of this databasecanbefoundin [18]. 1 Theexperimentalprotocol(known as
Lausanneevaluationprotocol)providesaframework within whichtheperformance
of vision-basedpersonauthenticationsystemsrunningon XM2VTS databasecan
bemeasured.Theprotocolassigns200clientsand95 impostors,with two shotsof
eachsessionfor eachsubject’s frontal or nearfrontal images[17], giving 3 train-
ing, 3 evaluationand2 testimagesfor eachclient. Theimpostorsetis partitioned
into 25 evaluationand70 testimpostors.Detailsof thethis protocolcanbefound
in [15]. 2

Eachimageis first projectedto a lower dimensionalfeaturespaceusingPrin-
cipal ComponentsandLinear DiscriminantAnalysis (PCA + LDA) so that each
patternis representedby a vectorwith 199elements.Thebaseclassifieris a MLP
with onehiddenlayer containing199 input nodes,35 hiddennodes,two output
nodesandwith fixed learningrate,momentumandnumberof epochs.The dual
outputis mappedto avaluebetween� and 
 to giveanestimationof probabilityof
super-classmembership.Furtherdetailsof thesystemcanbefoundin [12].

Thereare 200 clients, so from the identificationviewpoint it is a 200 class
problem. An equidistant200x511codematrix is generatedby theBCH method,
as describedin Section4.4, with HammingDistancebetweenany pair of rows
being256bits. In theECOCmethod,theclassifieroutputsrepresentestimatesof
super-classprobabilitiesandthesearethe estimatesusedto representclientsand
impostorsfor faceverification.Specifically, eachclient + is representedby aset ¬X)
of ­ ECOCclassifieroutputvectors,i.e.¬X)D�¯® < V) E d �-
��"eM���������
­$° (19)

where­ is thenumberof +O254 clientpatternsavailablefor training.
The verificationtaskreducesto ascertainingwhetherclassifieroutputsrepre-

sentinganimagearejointly consistentwith a claimedidentity. In orderto testthe
hypothesisthat theclient claim is authenticit is necessaryto adopta teststatistic
suchastheaveragedistancebetween< andtheelementsof set ¬]) . Themetricin (2)
is preferredto Euclideandistancesinceit is believedto bemorerobust to outliers,
thatis n3)
Q±< R � 
­ ²A V BD� >A/UBD� E <

V/ FG<�/ E (20)

where<�/ is the'7294 binaryclassifieroutputfor thetestpattern,and < V/ is the '7294 clas-
sifier outputfor the

d 294 memberof class+ . Thedistancein (20) is checkedagainst
a decisionthreshold,which canbesetusingtheevaluationset,to determineif the

1http://www.ee.surrey.ac.uk/Research/VSSP/xm2fdb.html
2http://www.idiap.ch/³ m2vts/Experiments/xm2vtsdbprotocol october.ps
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Figure1: Optimumdecisionboundaryfor fiveclassartificial data

client’s claim is accepted,Using this ECOCframework the bestperformanceto
datehasbeenachievedusingthispublicly availablebenchmark(FalseAcceptance
0.75% andFalseRejection1.25%).

7 Conclusion

OutputCoding is a methodfor solving multiclasslearningproblemsthat usesa
set of binary stringsto decomposethe multiclassinto complementarytwo-class
problems. A two-classclassifieris then sufficient to solve the multiclassprob-
lem. Although error-correctingcodeswereoriginally proposedfor designingbi-
narystrings,randomcodesachieve similarperformanceto optimalcodesprovided
they arelong enough.It is shown herethatwhile avarietyof combiningstrategies
arepossiblein theOutputCodingframework performanceis not very dependent
on thechoice.
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Figure2: Individual decisionboundariesmadeby severalbaseclassifiers (a) C1
Code5 classifiers (b) C4code7 classifiers
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