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1 Abstract

The OutputCodingtechniquefor solving multi-classlearningproblemswasorig-

inally proposedvith rows of anerrorcorectingcodematrix actingascodewords
to representhe classes.We summarisehe requirement®n designof the binary
stringsin the codematrix andconsideralternatecombiningstrateies. For shorter
codesjt is shavn thatbothcodedesignandcombiningstratgy canaffectgeneral-
isation. Examplesare presentewn syntheticdata,on naturalbenchmarldataand
on anapplicationin faceverification.

2 Intr oduction

Traditionally theapproachhathasbeenusedin thedesignof patternclassification
systemds to experimentallyassesshe performancef several classifierswith the
ideathatthe bestonewill be chosen.However, thetheoryof ensemblelassifiers
represents departurefrom the traditional stratgyy andhasbeendevelopedin the
pastdecadeo addresshe problemof designinga systemwith improved accurag.
Recognisinghat eachclassifiermay make differentand perhapscomplementary
errors,theaimis to pooltogethettheresultsfrom all classifiergo find acomposite
systemthat outperformsary individual classifier In this way a single comple
classifiermaybereplacedvy a setof relatively simpleclassifiersin thecontet of
a systemof multiple classifiergheseconstituentlassifiersaaresometimeseferred
to asbaseclassifiers.

It is known that certainconditionsneedto be satisfiedto realisetheimprove-
mentfrom combiningmultiple classifiersjn particularthatthe baseclassifiersoe
nottoo highly correlated23]. If eachclassifiersolvesaslightly differentproblem,
thencompositeperformancenayimprove. Variouslearningtechniqueiave been
devisedwith the aim of creatingdiversesub-problemstherebyreducingcorrela-
tion betweerclassifiersdbeforecombining. Thesecorrelationreductiontechniques
are of varioustypesandinclude: (i) reducingdimensionof training setto give
differentfeaturesets,(ii) incorporatingdifferenttypesof baseclassifiey (iii) de-
signing baseclassifierswith differentparametergor sametype of classifiey (iv)
re-samplingtraining setso eachclassifieris specialisen differentsubset,and
(v) coding multi-classoutputsto createcomplementarywo-classproblems.The
well-known technique®f Bagging[3] andBoosting[7] arein cateory (iv), while
OutputCoding,describedn Sectiong, is in cateyory (v).

Bagging and the original form of Boostingare both voting algorithmsand
achiee impressie resultsfor someproblemsby combining hard-level classifi-
cations.By hard-level we meanthata single-hypothesidecisionis takenfor each
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baseclassifierin contrasivith soft-level whichimpliesameasuref confidences-
sociatedwith thedecision.Bagging(from BootstrapAggregating)formsreplicate
training setsby samplingwith replacementand combinesthe resultantclassifi-
cationswith a majority vote. Boosting,which combineswith a weightedvote is
morecomple thanBaggingin thatthedistribution of thetrainingsetis adaptvely
changedaseduponthe performancef sequentiallyconstructedtlassifiers.Each
new classifieris usedto adaptvely filter andre-weightthe trainingset,sothatthe
next classifierin the sequencédasincreasedrobability of selectingpatternsthat
have beenpreviously mis-classified.

TheOutputCodingmethoddoesnotre-samplehetrainingsetaswith Bagging
andBoosting,but rathercreatesliversetwo-classsub-problemdby relabellingthe
training patternsaccordingto a setof binary strings. In this way, eachclassifier
is solving a differentsub-problenof the original problem. A usefulway of trying
to understandorrelationreductionby classre-labellingis to interprettheimplied
partitioning of the input space,asshavn in the examplein Section6 using syn-
thetic data. Thereare several motivationsfor decomposing multi-classproblem
into separatend complementarywo-classproblems. Firstly someaccurateand
efficient two-classclassifiersdo not naturally scaleup to multi-class. Attention
canthenbe focusedon developing an effective techniquefor the two-classcase,
without having to considerexplicitly the designandautomatiornof the multi-class
classifier Secondlyit is hopedthat the parameter®f a simple parallelmachine
run several timesareeasierto setthana complex machinerun onceand may fa-
cilitate more efficient solutions. Finally, solving different 2-classsub-problems,
perhapgepeatedlywith randomperturbationmay helpto reduceerrorevidentin
theoriginal problem.

3 Output coding

First considerthe needfor a suitableOutputCodingwith referenceto the output
representationsedwith a Multi-layer PerceptrofMLP) network, whichis a pop-
ularbaseclassifier A singlemultiple outputMLP canhandlea multiclassproblem
directly Thestandardechniques to usea k-dimensionabinarytamgetstring that
representgachoneof k classeasinga singlebinary valueat the corresponding
position,for example[0, ...0, 1, 0, ...0] whichis sometimeseferredto asone-per
class(OPC)encoding. The reasonthat a single multiclassMLP is not a suitable
candidatefor usewith OutputCodingis thatall nodessharein the sametraining,
soerrorsarefar from independenandthereis not muchbenefitto be gainedfrom
combining[16]. However if a 2-classMLP is usedas baseclassifier indepen-
denceamongclassifierscanbe achiered by the problemdecompositiordefinedby
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the string, aswell asby injection of randomnesghroughthe startingweights. Of
course,no guaranteecan be given that a single MLP with superiorperformance
will never be found, but the assumptioris that even if oneexists its parameters
would be moredifficult to determine.

An alternatve to OPC is distributed output coding [21], in which & binary
stringsareassignedo k classe®n the basisof meaningfulfeaturescorresponding
to eachbit position. For this to provide a suitabledecompositiorsomedomain
knowledgeis requiredso that eachclassifieroutputcanbe interpretedasa binary
featurewhichindicateghepresencer otherwiseof ausefulfeatureof theproblem
athand. The stringsaretreatedascodewordsanda testpatternis assignedo the
classthatis closestto the correspondingcodeword. It is this methodof string
matching,which is analogougo the assignmenstageof errorcorrectingcoding,
thatprovidesthe motivationfor emplgying errorcorrectingcodesn classification.

3.1 Error-Correcting Output Coding (ECOC)

The Error-CorrectingOutput Coding (ECOC) method[6], describedin Section
3.2,is atwo stagemethod.Thesecondstages the combiningstep,basedn error
correctingprinciplesundertheassumptiornhatthelearningtaskcanbemodelledas
acommunicatiorproblem,in which classinformationis transmittecbverachannel
[5]. In thismodel,errorsintroducednto the processrisefrom varioussourcesn-
cludingthelearningalgorithm,featuresandfinite training sample For atwo-class
problem classificatiorerrorscanbe oneof two types,eitherpredictedclass(2; for
tamget class ), or predictedclassS2s for tamget class(2;. Fromthe transmission
channelviewpoint, we would expectthatthe one-peiclass(OPC)anddistributed
outputcodingmatriceswould not performaswell asthe ECOCmatrix, becaus®f
inferior errorcorrectingcapability

Thefirst stageof theECOCmethodorovidesthedecompositiorstratgy, which
is the re-labelling of patternsdefinedby the Output Coding matrix. Eachre-
labelled classcontainspatternsfrom a numberof the classesrom the original
problem. Thereexists anothercateyory of methodsfor decomposinga comple
multiclassprobleminto simplertwo-classsub-problems.In this other cateyory,
eachbaseclassifieris capableof distinguishingbetweena pair of classeswhich
meanghatthefinal decisionboundaryis madeup of decisionboundarieshateach
originatefrom just two classes Methodslik e binary decisionclustering[24] and
pairwise coupling[9] areincludedin this catggory. The main adwantageis that
sub-problemsare normally simpler which meansthat the decisionboundaryof
eachsub-problems lesscomplex. However, eachsub-problemis basedon only a
subsebf patternsandthis may causesomedifficultiesin training. Furthermoreall
boundariedbetweernpairsof classesareneededo reconstructhe original bound-
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ary, which canleadto alarge numberof baseclassifierdb = % for ak class
problem).In contrasthe ECOCapproactrequiresfewer but morepowerful clas-
sifierswith the ability to repeatpartsof the decisionboundarywhich canreduce

variability asshavn in [13].

3.2 ECOC algorithm

In the ECOC method,a k x b codeword matrix Z hasone string (codeword)
for eachof k classeswith eachcolumndefiningoneof b sub-problemghat use
adifferentlabelling. Specifically for the jth sub-problema training patternwith
tamgetclassw; (i = 1...k) is re-labelleceitherasclass(?; orasclass(2, depending
onthevalueof Z;; (typically O or 1). Oneway of looking at there-labellingis to
considetthatfor eachcolumnthe k classesrearrangednto two supefclasse€)y
and(2s. Thejth (j = 1...b) classifieris trainedusingre-labelledpatterndrom the
jth sub-problem.

For example,in afive-clasgproblemif thejth columnof Z is givenby [10110]7
therelabellingassociateavith the jth classifiermeanghattraining patternswith
taiget classegsepresentedy thefirst, third andfourth rows of Z comprisesuper
class2; andtheremainingtraining patternsccomprisesuperclassls.

A testpatternis appliedto the b trainedclassifiergyiving

Y = [y1, Y2, - up) " (1)

in which y; is the output(usuallyreal-valued)of jth baseclassifier The distance
betweerny andcodeword for eachclassis givenby

b
Ly =Y 1Zij — yjl 2)
j=1

andthe patternis assignedo the classw; correspondingo closestcodeword
ArgMin;(L}).

Originally thematchingwasbasednHammingDistance put whenit couldbe

shavn thatECOCproducedyoodprobabilityestimate$14] thecombiningscheme
waschangedo soft-level, equation(2) which representshe L' norm.

4 String Design

Whenthe Output Coding techniquewas first developedit was believed that the
codematrix shouldbe designedusing errorcorrectingprinciplesto enableit to
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generalisavell [5, 6]. Variouscodeshave sincebeenproposedbut mostcodema-
tricesthathave beeninvestigatedoreviously arebinary andproblem-independent,
thatis pre-designedRandomcodeshave receved muchattention,andwerefirst
mentionedn [5] asperformingwell in comparisorwith errorcorrectingcodes.In
[6] random,exhaustve, hill-climbing searchrandBCH codingmethodswvereused
to producecodematricesfor differentcolumnlengths.Randomcodeswereinves-
tigatedin [20] for combiningBoostingwith OutputCoding,andit wasshovn that
a randomcodewith a nearequalcolumn split of labelswastheoreticallybetter
Randomcodeswerealsoshavn in [11] to give Bayesianperformancef pairsof
codewordswereequidistantandit wasclaimedthata long enoughrandomcode
would not be outperformedby a pre-definedcode. Although variousheuristics
have beenemployedto producebetterbinary problem-independemibdeshereap-
pearsto be little evidenceto suggesthat performancesignificantlyimproves by
a clever choiceof code,exceptthat OPCis usuallyinferior [1, 5, 6]. Recentlya
three-aluedcode[1] wassuggestedvhich allows specifiedclassego be omitted
from consideratior{dont carefor third value),therebypermittingintegratedrep-
resentatiorof methodssuchaspairwisecoupling[9]. Anotherrecentdevelopment
is describedin [4] in which problem-dependertodesare investigatedand it is
claimedthatdesignedcontinuousodesshav morepromisethandesignedliscrete
codes.

In the OutputCodingframework the choiceof codematrix may affect perfor
mance.Beforelooking at propertiesof the codematrix thatreducegeneralisation
error, we first notethat therearethreekinds of errorsthat canbe distinguishedn
thisframework. Firstthereis theBayesiarerror, whichis dueto overlappeclasses
andcannotbe removed by combining,errorcorrectingor ary othermethod.Sec-
ondly thereis baseclassifieraddederror, which is relatedto the training of base
classifiersandwhichwe hopeto remove by theerrorcorrectingcapabilityof code
words. Finally thereis the combiningerror, which is introducedby the way in
which we chooseto combinethe outputsof baseclassifiersandis presenevenif
all classifiersareperfect(behae like Bayesiarclassifier).

4.1 Maximum DistanceCode

It seemseasonabléhat the greaterthe HammingDistancebetweencodewords
the morelikely that error will be reduced sincethe codematrix mapsthe prob-
lem into a differentspacen which classesaremoreeasilyseparatedin addition,
sub-problemsiremoreindependenandlikely to benefitfrom combiningif Ham-
ming Distancebetweercolumnsis maximisedrememberinghata columnandits
complementepresenidenticalclassificatiorproblemg6]. Thereforethefirst two
desirablepropertiesof the codematrix aremaximumHammingdistancebetween
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rows andbetweercolumns.

4.2 Equidistant codeand Bayesrule

Considerthatthe decompositiorof a multiclassclassificatiornprobleminto binary
sub-problemsn Output Coding can be interpretedas a transformationbetween
spacegrom theoriginal outputq to y, givenin matrix form by

y=2"q 3)

whereq areindividual classprobabilities.
Fromthedistance-basedecisionrule in (2) andusing(3)

Z Z (IlZl] 2_7 (4)
j=1

andknowvingthat 3% g =1 we have

k
= Z | ZCIIle +qiZij + Z Qi — il 1=1,2..k (5)
ji=1 I=1 l=i+1

andtherefore

bk
(=) > |Zij — Zy] (6)

]:1 =1

Considerthe situationthat the HammingDistancebetweenith and jth code
word is equalfor ary i andj, ¢« # j. Thenfrom (6), we seethatwhenall pairsof
codewordsareequidistantminimising L} implies maximisingposteriorprobabil-
ity whichis equialentto Bayesrule (asalsoderivedin [10, 27])

ArgMaz;(q;) = ArgMin;(L}) (7)

Therefore,ary variationin HammingDistancebetweenpairs of codewords
will reducethe effectivenessof the combiningstratgly. Thethird desirableprop-
erty of the codematrix is equalHammingDistancebetweerall pairsof rows.

4.3 Equidistant codeand unbiaseddistance

Considerthe casethat thereis a single outputfor eachclassifier(y;) so thatwe
canassumehat a thresholdexists which separatethe membersof the two super
groupsof classeslf thethresholdfor all classifierss half way betweerthebinary
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limit values(0.5 for 0-1 binary), therewill be a fair comparisonof distanceto
eachcodeword. However if thereexists somebaseclassifierbiasthat causeghe
thresholdto move away from the mid-position,thenthe comparisorwill not be
fair unlesshereareanequalnumberof 1'sin eachcodeword. Thereforethethird
desiredpropertyof the codematrix is equalnumberof 1'sin all codewords.

Now we shav thatanequidistantodeautomaticallysatisfieghis property Let
Z beanequidistantodewith d bits errorcorrectingcapability 32, |Ziu—Zj| =
2d+ 1 for ary pairi, j. SinceHammingDistancebetweerpair i, j is the sumof
thenumberof 1sin row ¢ androw 5 minusnumberof commonls betweeni, j we
maywrite

b b b
ZZil‘l_ZZjl_QZZileZZZd—I_l (8)
=1 =1 1=1

similar equationcanbewritten for pairi, k andpair j, k
b b b
YN Zu+Y T -2 ZuZy=2d+1 9)
=1 1=1 1=1
b b b
Z Zjl + Z Ly — 2 Z Zlekl =2d+1 (20)
I1=1 =1 I1=1
From(8), (9),(10)afterre-arranging
b b b
N ZaZy =Y ZnZy =Y ZnZiy=m (11)
=1 I=1 =1
wherem is numberof commonlsin codeword, and
b b b
NZu=> Zu=Y Zy=n 12)
=1 =1 =1

wheren is thenumberof 1sin eachrow.

Thereforeif Z is anequidistanimatrix, thereis the samenumberof 1sin ary
row, andthesamenumberof commonl s betweerary pairof rows,andZ provides
anunbiasedlistanceneasurementor example,if ZZT canbewrittenin theform

z27T = (13)

thenpropertieq11) and(12) areautomaticallysatisfiedsince
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b b e
n if i5)

22" = Z Z“Zl? - Z ZaZij. = { m otherwise

=1 =1

4.4 Summary of Constraints

The main constraintsfor designingset of binary stringsthat make up the code
matrix arethereforeasfollows

¢ minimumHammingDistancebetweerrows (errorcorrectingcapability)
o variationof HammingDistancebetweerrows (effectivenesf combining)
e numberof columns( repetitionof differentpartsof sub-problem$

¢ HammingDistancebetweercolumnsandcomplemenbf columns(indepen-
denceof baseclassifiers)

Fromthetheoryof errorcorrectingcodes[19] we know thatfinding a matrix
with long codewords,andhaving maximumandequaldistancebetweerall pairs
of rows is compl. In the examplein Section6, random,equidistantand non-
equidistantodematricesarecomparecasnumberof columnsis varied. It shavs
that as codelength increaseghe differencein performancebetweenequidistant
andrandomcodesbecomedesssignificant. Equidistanicodescanbe producedy
usingtheBCH method 19], whichemplg/s algebraidechnique$rom Galoisfield
theory The numberof rows is overproduced BCH requiresnumberto be power
of 2), beforeusingpropertieg11) and(12) to selecta subsebf strings.Of course
thesepropertiesprovide only necessarygonditionsfor equidistantstringsand so
cannotbeusedto generateéhemin isolation.

4.5 CodeSensitvity

Thereis anotherissue,in additionto thosedescribedn Section4.4, thatmay af-
fect performance.Sincein practicethe overlap betweenclassesanbe different,
we might suspecthat certaincodewords are bettersuitedto somesuperclasses
morethanothers.Althoughit would seema goodideato usea labellingin which
distancebetweenlabelsis basedon distancebetweenclasseqe.g. Mahalanobis
distance)the additionalconstraints likely to be difficult to implement. Takinga
differentapproach27] thefollowing modificationto ECOCis suggestedn which
all codewordsareusedfor eachclassto reducesensitvity to codeword selection.
In training, circularly shift onerow of ECOC matrix k& times, and for each
single shift train b baseclassifiers.In testing,computethe distanceL}%_ for class
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w; betweerb-dimensionabaseclassifieroutputsandstringcorrespondingo class
w;. After averagingthefinal distanceneasuremengssigrpatternto classw; given
by Argmin; Eszl L}”.

5 Alter nate Combining Strategies

A variety of combiningstrat@ies have beenproposedor OutputCodingbesides
L' norm, referredto hereasL1-OC. Othercombiningstrat@iesdiscussedn this
sectionincludethreeapproacher recoveringindividual classprobabilities which
areLeastSquaregLS-OC), InverseHammingDistance(IHD-OC) andLineares-
timation (Lin-OC). For thesethree methodsthe classificationdecisionis based
on maximising the probability estimate. One further methodis also described,
DempsterShafer(DS-OC) basedon maximising probability massfunction [22].
The original HammingDistancecombiningstratgy (HD-OC) wasshavn in [13]
to be analogoudo majority vote over the classes. BesidesL1-OC, LS-OC has
beenthe mostextensiely investigated. The justificationfor LS-OC in termsof
probability estimationwasreportedin [14], andin [10] LS-OC wasextendedby
incorporatingridgedregressiorwhenb is small.

5.1 Leastsquares(LS-OC)

Recovering individual classprobabilitiesfrom superclassprobabilitiesis easily
accomplishedf the individual probability estimatesare exact andif the k inde-

pendentequationghat resultfrom equation(3) canbe solved. In practice,base
classifierswill notproducecorrectprobabilitiesbut we canmodeltheerrorassum-
ing thatthe expectedvalue of the erroris zerofor unbiasedorobability estimates
[8]. In generalZT is not a squarematrix, and so doesnot have an inverse,but

q*, anoptimalvalueof q in equation(3), canbe found usingthe methodof least
squares

q = (22")"'zy (14)

usingacostfunctionsuchas(y — Z7q)T(y — Z7q).

5.2 InverseHamming Distance(IHD-OC)

Fromequation(2) we maywrite the matrix equation
L! = Aq (15)
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whereL! = [Li, L}, ....L}] and A is a matrix whoseelementA,;; representshe
HammingDistancebetweenrow i androw j. Sincethe elementsof A arenon-
negatve, A canbeinvertedto find anestimateor q.

5.3 Linear estimation(Lin-OC)

The assumptiorhereis that thereis a linear relationshipbetweenoutputsof the
baseclassifiersandindividual classprobabilities.

b
q; = Z Wijyj 1=1...k (16)
j=1
where
b
> Wi=1 i=1..k (17)
j=1

Althoughtherearesereralwaysto estimatethe weights,a simpleapproachs
to count,for eachcolumn,the numberof timesthata training patternbelongsboth
to classw; andto superclas$),. The countis repeatedor all classegi = 1, ...k)
andnormalisedasin (17).

5.4 DempsterShafer (DS-OC)

The DempstetShaferapproachto combiningprovidesa mathematicaframewnork
which mayberegardedasageneralisedorm of Bayesiarstatistic§22]. It is based
upontheconcepbf probabilitymasgunction(basicprobabilityassignmentyvhich
assignsa valueto a subsef propositions.We assumehattherearek elemental
propositionspneeachfor the k classedo which a patterncanbe assignedin the
contt of Output Codingeachcolumn of the codematrix Z definesa partition-
ing into two superclasseasdescribedn Section3.2. A superclasss a subsetof
thek classesandrepresenteneof 2* possiblesubsetsn DempsterShafertheory
Therefore eachcolumncanbe regardedasproviding evidencefor classmember
ship,which canbecombinedwith evidencefrom previouscolumns.

Themassiunctionof the jth baseclassifieris settom;(A;) = [y; 1 —y;] for
thetwo superclasseQ; and(2,, wherey; is the jth baseclassifieroutput(defined
in (1)), and A; representshe decompositiordefinedby the j¢h columnof Z. The
evidencefor the (5 + 1)th baseclassifiercanbe combinedrecursvely with evi-
dencefrom the previous j classifiersby invoking Dempsters rule of combination
to calculatethe orthogonaksumm; @ m; 1
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mj = [m; ®@mip] =1/K > mj(Aj)mjs1(Aj41) (18)
AjNAjt1
wherenormalisatiorfactorK is givenby 1 — 3= 4 4., =y m;j(A;)mj11(A4;41).
Initially with 5 = 1 equation(18) givesms = mi @& me, andequation(18) is
appliedrecursvely for j = 1,...b — 1 to find themassfunctionfor thecombination
of b classifiers. The decisionstratey is to assignthe classcorrespondindo the
maximumprobabilitymassfunction.

6 Examples

6.1 Synthetic Data

An artificial five-classoverlappingGaussiarproblemis definedby five groupsof

two-dimensionalrandomvectorshaving normal distribution, shavn in Table 1.

Theclassifiersarenottrained,but usingthe parameterérom Tablel, the posterior
probability of superclassmembershids computed. The Bayesrate for this five
classproblemis 74.28%,andthe Bayes(optimum)decisionboundaryis shavn in

figurel.

class w1 w2 w3 W4 Ws

pi(mean) [0,0] [30] [05] [7,0] [09]
o?(variance) 1 4 9 25 64

Tablel: Distribution parametersf datausedin artificial benchmark

Thefollowing codematricesareusedin theseexperiments:

Cl: k x k one-perclass(OPC:1sonmaindiagonalO elsavhere))
C2: k x 7 matrixwith randomlychoserbinaryelements

C3: k x 7 BCH code( minimumdistanceof 3, non-equal)

C4: k x 7 BCH codewith equaldistanceof 4

C5: k x 15 matrixwith randomlychoserbinaryelements

C6: k x 15 BCH codewith equaldistanceof 8

To determinerobustnessof the Output Coding framewvork, Gaussiarmrandom
noisewith differentmean(y,,) andvariance(c2), is addedto the soft-level (real-
valued)outputof baseclassifiergo simulatenoisy imperfectclassifiers.Decision
boundariesn figure 2(a) (codeC1) andfigure 2(b) (codeC4) demonstrat¢he dif-
ferencebetweerone-peiclass(OPC)andthe ECOCconcept.By comparingwith
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the Bayesboundaryshavn in figure 1, we canseethateachclassifierconcentrates
on differentpart of the input space. So eachclassifierhasa lesscomplex prob-
lem to handlecomparedwith the completeboundarythatwould, for example,be
handledby a single multiclassclassifier Figure 2(b) alsoshavs how someparts
of the boundaryappeaiin morethanoneclassifier andso arelearnedrepeatedly
asinvestigatedn [13, 25]. For addednoise(u, = 0, o2 = 0.25) figure 3(a)and
figure 3(b) shav respecirely the C1 andC4 decisionboundarief the ensemble
asnumberof individual classifiersis increased.A comparisonshavs that code
C4, by virtue of repeatedearningof partsof decisionboundariesinoreeffectively
reducewariance.

Figure4 shavs a plot of the percentagenatchwith Bayesrateaslevel of noise
is increasecanddemonstratethe robustnesof ECOCwhenit hasbeenmodified
to reducesensitvity to codeword selection(Section4.5). The errorcorrecting
capabilityfor codesC2, C4,C6,C5is 1,3,7,2bits respectrely. Fromfigure 4 the
following pointscanbe obsenred:

o if nonoiseis added the equidistanimatricesC4, C6 matchBayesrate per
fectly

¢ if thenumberof classifierss thesametheequidistantodeperformsslightly
betterthanrandomcode,shavn by comparingC5 with C6 (b = 15) andC4
with C2(b=7)

¢ if longerrandomcodeis used,repetitionof sub-problemgivesimproved
performancesvenif errorcorrectioncapabilityis reducedshavn by com-
paringC5with C4

Figure5 compare®riginalandmodifieddecisionboundariesvhennoise(u, =
0,02 = 0.25) isaddedo eachindividual classifiey andconfirmsthaterrorvariance
hasbeenreduced.

6.2 Popular Benchmark Data

Simpletwo-dimensionatlatashovn in theexamplein Section6.1lis notnecessarily
representate of realdata,soit is interestingto seeperformancen somepopular
benchmarkqSee[2] for a descriptionof the datasets). The baseclassifieris a
corventionalsinglehiddenlayerMLP trainedby Levenbeg-Marquardialgorithm,
with default training parameters.

There are fifty epochsof training and the numberof hidden nodesfor the
datasetds (zoo/1, car/1, vehicle/5, glass/2,satellite/2). Table 2 gives a com-
parisonof codesand combiningstratejies over the five dataset$or codesC1 to
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Code L1 LS IHD Lin DS

Cl* 091 091 091 091 091
C2 0.89 0.83 0.61 0.58 0.90
C3 0.84 0.84 0.83 0.82 0.84
C4* 092 0.92 092 0.92 0.92
C5 0.97 0.97 0.97 0.94 0.97
Cce* 097 0.97 097 0.97 0.99

Table2: Meanvalueover five databasesf ratio of classificatiorrate of specified
coding/combining* equidistant)stratg@y to maximumclassificatiorrate over all
stratgjiesfor aparticulardatabase

C6, whereeachentry denoteghe meanratio of classificatiorrate at the specified
code/combiningstratgy to the bestclassificationrate for that problemover all
strat@ies. Fromtable2, we canobsere thatlongercodegyenerallyperformbetter
but combiningstratgy appearso have little impacton performanceHowever, for
codeC2 the resultsfor IHD-OC andLin-OC demonstrat¢hatthesetwo combin-
ing stratgiesaremoresensitve to shortercodesthanthe others. For 7-bit code,
equidistanperformsbest(C2 andC3 comparedvith C4). For the 15-bit code,the
individual resultsshav that randomis betterfor zoo (error rate 5.2% compared
with 6.5%)andfor car(errorrate25.5%comparedvith 27.2%).while equidistant
is betterfor the otherthreedatasetshut thereis no differencein meanratio.

On seven data-set4zoo, vehicle, sggment,iris, glass,cmc, car) with tenin-
dependentunsthe improvementin testerror rate of modified (Section4.5) over
original ECOCis 5% meanand 30% standarddeviation averagedover the seven
data-setsFurtherdetailsmaybefoundin [26].

6.3 FaceVerification

Automationof a systenthatperformspersonaldentity verificationmayusea vari-
ety of biometricmodalitiesincludingfacialfeaturesyoicecharacteristicdris scan,
fingerprints.Facialimagesareapopularsourceof biometricinformationsincethey
arerelatively easyto acquire andprovide discriminatoryfeaturegoutinelyusedoy
humandor recognition. However automatedaceverificationsystemsften have
poorlevelsof performanceindimproving themis known to bea difficult task.
The extendedM2VTS (XM2VTS) databaseontains295 subjectswho were
recordedn four separatesessionsiniformly distributedover aperiodof 5 months,
andwithin eachsessiora numberof shotsweretakenincluding both frontal-view
androtationsequencesSomesampleprofilesareshavn in figure6, andfurtherde-
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tails of this databaseanbefoundin [18]. 1 The experimentaprotocol(known as
Lausannevaluationprotocol)providesaframewvork within whichthe performance
of vision-baseersonauthenticatiorsystemsunningon XM2VTS databasean
bemeasuredThe protocolassign00clientsand95 impostorswith two shotsof
eachsessiorfor eachsubjects frontal or nearfrontal images[17], giving 3 train-
ing, 3 evaluationand?2 testimagesfor eachclient. Theimpostorsetis partitioned
into 25 evaluationand 70 testimpostors.Detailsof the this protocolcanbe found
in[15]. 2

Eachimageis first projectedto a lower dimensionafeaturespaceusingPrin-
cipal Componentsand Linear DiscriminantAnalysis (PCA + LDA) sothateach
patternis representetdy a vectorwith 199 elementsThebaseclassifieris a MLP
with one hiddenlayer containing199 input nodes,35 hiddennodes,two output
nodesandwith fixed learningrate, momentumand numberof epochs.The dual
outputis mappedo avaluebetweer) and1 to give anestimationof probability of
superclassmembershipFurtherdetailsof the systemcanbefoundin [12].

Thereare 200 clients, so from the identificationviewpoint it is a 200 class
problem. An equidistan200x511codematrix is generatedy the BCH method,
asdescribedin Section4.4, with Hamming Distancebetweenary pair of rows
being256 bits. In the ECOCmethod the classifieroutputsrepresenestimatef
superclassprobabilitiesandtheseare the estimatesusedto representlientsand
impostordfor faceverification. Specifically eachclient s is representetly a setY;
of N ECOCclassifieroutputvectors,i.e.

Y;={yll =1,2,..,N} (19)

whereN is thenumberof ith client patternsavailablefor training.

The verificationtaskreducedo ascertainingvhetherclassifieroutputsrepre-
sentinganimagearejointly consistenwith a claimedidentity. In orderto testthe
hypothesighatthe client claim is authenticit is necessaryo adopta teststatistic
suchastheaveragedistancebetween, andtheelement®f setY;. Themetricin (2)
is preferredto Euclideandistancesinceit is believedto be morerobustto outliers,
thatis

1 N b
di(y) = 3 22 Ivj — il (20)
=1 j=1

wherey; isthejth binaryclassifieoutputfor thetestpattern,andyé- isthejth clas-
sifier outputfor theith memberof classi. Thedistancan (20) is checled against
a decisionthresholdwhich canbe setusingthe evaluationset,to determinef the

*http:/Mmwweesurrey.ac.uk/Reseah/VSSP/xm2fdbtml
2http:/ivwwidiap.ch/~m2vts/Experiments/xm2vtsgiotocoloctoberps
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client’s claim is acceptedlJsing this ECOC framawork the bestperformanceo
datehasbeenachiezed usingthis publicly availablebenchmarkFalseAcceptance
0.75% andFalseRejection1.25%).

7 Conclusion

Output Codingis a methodfor solving multiclasslearningproblemsthat usesa
setof binary stringsto decomposéhe multiclassinto complementarytwo-class
problems. A two-classclassifieris then suficient to solve the multiclassprob-
lem. Although errorcorrectingcodeswere originally proposedor designingbi-
narystrings,randomcodesachiere similar performancéo optimalcodesprovided
they arelong enough.lt is shavn herethatwhile a variety of combiningstratgies
arepossiblein the OutputCoding framevork performancas not very dependent
onthechoice.
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