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Abstract

In thispaper, wediscussatechniquefor handlingmulti-classproblemswith binary
classifiers.Theidea—learningoneclassifierfor eachpair of classes—isknown as
pairwiseclassificationbut—toourknowledge—hasnotyetbeenthoroughlyinves-
tigatedin thecontext of inductiverulelearning.Wepresentanempiricalevaluation
of themethodasawrapperaroundtheRipper rulelearningalgorithmon20multi-
classdatasetsfrom theUCI databaserepository. Our resultsshow thatthemethod
is very likely to improve Ripper’s classificationperformancewithout having a
high risk of decreasingit. Thesizeof this improvementis similar to thatobtained
by boostingC5. In addition,we give a theoreticalanalysisof thecomplexity of
theapproachandshow thatits trainingtimeis within asmallconstantfactorof the
trainingtimeof thesequentialclassbinarizationtechniquethatis currentlyusedin
Ripper

1 Intr oduction

Pairwiseclassificationis a techniquefor reducinga multi-classproblemto multiple
2-classproblemsby learninga classifierfor eachpair of classes.Its first formalization
in themachinelearningliteratureis dueto Friedman(1996).It hasbeenpreviouslyap-
plied to variousproblems,mostlyin thesupportvectormachinescommunity(seesec-
tion 8), but we arenot awareof an extensive experimentalstudy, in particularnot in
thecontext of inductiverule learningalgorithms.In this paper, wewill show that this
techniquein fact givessignificantimprovementsin predictive accuracy. We explain
theseimprovementsby pointing out thatpairwiseclassificationcanbe interpretedas
anensembletechnique(Dietterich,1997).

In addition,we provide a detailedanalysisof thecomplexity of theapproachand
show that it is only within a constantfactorof theconventionalapproachesthat train
eachclassagainstall otherclasses.For algorithmswith super-linearasymptoticcom-
plexity, it may even be considerablyfaster. This is underlinedby our experimental
results.
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2 ClassBinarization

Many machinelearningalgorithmsareinherentlydesignedfor binary(two-class)de-
cision problems.Prominentexamplesareneuralnetworkswith singleoutputnodes,
supportvectormachinesandseparate-and-conquerrule learning. In addition,all re-
gressionalgorithmscan, in principle, be usedfor binary decisionproblems,but not
for multi-classproblems(unless,maybe,if the classvaluesareordered). However,
real-worldproblemsoftenhave multiple classes.Fortunately, thereexist several sim-
ple techniquesfor turningmulti-classproblemsinto a setof binaryproblems.We will
call suchtechniquesclassbinarizationtechniques.

Definition 2.1(classbinarization, decoding,baselearner) A classbinarizationis a
mappingof a multi-classlearningproblemto several 2-classlearningproblemsin a
waythatallowsa sensibledecodingof theprediction,i.e., allowsto derivea prediction
for the multi-classproblemfrom the predictionsof the setof 2-classclassifiers.The
learningalgorithmsusedfor solvingthe2-classproblemsis calledthebaseclassifier.

Themostpopularclassbinarizationrule is the unorderedor one-against-allclass
binarization,whereonetakeseachclassin turn andlearnsbinary conceptsthat dis-
criminatethis classfrom all otherclasses.It hasbeenindependentlyproposedfor rule
learning(Clark & Boswell,1991),neuralnetworks(Anandet al., 1995),andsupport
vectormachines(Cortes& Vapnik,1995).

Definition 2.2(unordered classbinarization) Theunorderedclassbinarizationtrans-
formsa � -classprobleminto � 2-classproblems.Theseare constructedby usingthe
examples of class

�
as the positive examples and the examples of classes � ,�������	�
� ��� ��
� �

asthenegativeexamples.

Thename“unordered”originatesfrom Clark andBoswell (1991),who proposed
thisapproachasanalternativeto thedecision-listlearningapproachthatwasoriginally
usedin CN2 (Clark & Niblett, 1989;Rivest,1987). In otherfields, the strategy has
differentnames,but asourmainconcernis rulelearning,westickwith theterminology
usedthere.

The rule learningalgorithm Ripper (Cohen,1995), which will be our main test
object,alsoprovidesan option for inducingunorderedrule sets. Its defaultmodeof
operation,however, is anorderedapproach.

Definition 2.3(ordered classbinarization) Theorderedclassbinarizationtransforms
a � -classprobleminto � ��� �
� 2-classproblems.Theseare constructedby usingthe
examplesof class

�
,
� �����	�
� ��� � asthepositiveexamplesandtheexamplesof classes� , ��� ��� ���	�
� � asthenegativeexamples.

Note that orderedclassbinarizationimposesan orderon the inducedclassifiers,
which hasto be adheredto at classificationtime: the classifierlearnedfor discrimi-
natingclass1 from classes���
�	� � hasto becalledfirst, andif f this classifierclassifies
theexampleasbelongingto class1, no otherclassifieris called. If not, theexamples
is subjectedto to thenext classifier. Unorderedclassbinarization,on the otherhand,
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(a)Multi-classlearning
oneclassifierthatseparatesall classes.
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(b) Unorderedlearning� classifiers,eachseparatesoneclass
from all otherclasses.Here:+ against

all otherclasses.
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(c) Roundrobin learning������� �"!# classifiers,onefor eachpairof
classes.Here: $ against% .

Figure1: Unorderedandroundrobinbinarizationfor a 6-classproblem.

hasto call eachof its constituentbinaryclassifiersandrequiressomeexternalcriterion
for decodingthe individualpredictionsinto a final prediction.Typical decodingrules
vote the predictionsof the individual classifiers,possiblyby taking into accountthe
confidencesof thepredictions.

For a uniform view andan empiricalevaluationof several classbinarizationand
decodingtechniques,we referthereaderto section8 and(Allwein etal., 2000).In the
following section,wediscussoneparticulartechniquein moredetail.
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3 Round Robin Classification

In this section,we will discussa morecomplex classbinarizationprocedure,thepair-
wiseclassifier. Thebasicideais quitesimple,namelyto learnoneclassifierfor each
pair of classes.In analogyto roundrobin tournamentsin sportsandgames,in which
eachparticipantis pairedwith eachotherparticipantonce,wecall thisprocedureround
robin binarization.

Definition 3.1(round robin, pairwise binarization) Theroundrobinor pairwiseclass
binarizationtransformsa � -classprobleminto &�'(&�) *"+, 2-classproblems,onefor each
uniquepair of classes- � � ��./� � �����	�
� �0� � , ��� �1� ���
�	� � ). Thebinaryclassifieris
trainedon thetrainingexamplesof classes

�
and � . Theexamplesof classes
� � � � are

ignoredfor thebinaryclassifier - � � ��. .

Whenclassifyinga new example,eachof thelearnedbaseclassifiersdeterminesto
whichof its twoclassestheexampleis morelikely to belongto. Thewinneris assigned
a point, andin the end,the algorithmwill predictthe classthat hasaccumulatedthe
mostpoints.In ourversion,tiesarebrokenby preferringtheclassthatis morefrequent
in the trainingset(or flipping a coin if the frequenciesareequal),but moreelaborate
techniquesarepossible(seeSection7).

Roundrobinbinarizationis illustratedin Figure1. For the6-classproblemshown
in Figure1(a), the roundrobin procedurelearns15 classifiers,one for eachpair of
classes.Figure1(c) shows the classifierfor the classpair - � ��2 . . In comparison,
Figure1(b) shows oneof the classifiersfor the unorderedclassbinarization,namely
the onethatpairsclass

�
againstall otherclasses.It is obviousthat the roundrobin

baseclassifierusesfewer examplesandthushasmorefreedomfor fitting a decision
boundarybetweenthe two classes.In fact, in this problem,all binary classification
problemsof theroundrobinbinarizationcouldbesolvedwith asimplelineardiscrimi-
nant,while neitherthemulti-classproblemnor its unorderedbinarizationhave a linear
solution.

Notethatsomeexampleswill beforcedto beclassifiederroneouslyby someof the
binarybaseclassifiersbecauseeachclassifiermustlabelall examplesasbelongingto
oneof thetwo classesit wastrainedon. Considertheclassifiershown in Figure1(c): it
will arbitrarilyassignall examplesof classo to either

�
or 2 (dependingonwhichside

of thedecisionboundarythey are).However, thevotesof the5 classifiersthatcontain
examplesof classo shouldbe ableto over-rule the votesof the 10 otherclassifiers,
which moreor lessrandomlyassignoneof theother5 classesto eacho example. In
fact,if the5 o classifiersunanimouslyvotefor o, nootherclasscanaccumulate4 votes
(becauseit lost its directmatchagainsto). Besides,it would bequiteunlikely thatall
classifiersthatdid not containany examplesof classo would unanimouslyopt for the
sameclass.

In theabove definition,we assumethattheproblemof discriminatingclass
�

from
class� is identicalto theproblemof discriminatingclass� fromclass

�
. This is thecase

if thebaselearneris class-symmetric. Rulelearningalgorithms,however, neednot be
class-symmetric.Many of themchooseoneof thetwo classesasthedefaultclass,and
learnonly rulesto cover theotherclass.In sucha case,- � � ��. and -3� � � . maybetwo
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differentclassificationproblems,if � is usedasthedefaultclassin theformer, and
�

is
usedasthedefaultclassin thelatter.

Ripper is suchan algorithm. Unlessspecifiedotherwise,it will treat the larger
classof a 2-classproblemasthe defaultclassand learn rules for the smallerclass.
Althoughthis procedureis class-symmetric(problem - � � �4. is convertedto -�� � � . if� .5� ), wefelt thatit wouldnotbefair. For example,thelargestclassin themulti-class
problemwouldbeusedasthedefaultclassin all roundrobinproblems.Thismaybean
unfair advantage(or disadvantage)to this class.1 Onesolutionfor avoiding this, is to
play a so-calleddoubleroundrobin, in which separateclassifiersarelearnedfor both
problems,- � � ��. and -3� � � . .2

Definition 3.2(doubleround robin) Thedoubleroundrobinclassbinarizationtrans-
formsa � -classprobleminto � � ��� �	� 2-classproblems,onefor each pair of classes- � � �6.7� � � �8�9�	�
� � , �:
� �

. Theexamplesof class
�

are usedasthepositiveexamples
andtheexamplesof class� asthenegativeexamples.

In ourexperiments,weusedRipper with theoption-agiven asthebaseclassifier,
which usesthe classesasgiven in the specification.Hence, - � � � . and -�� � � . are
two differentproblems,andeachclassis thedefaultclassin exactly half of its binary
classificationproblems.Note,that this procedurebasicallyis identicalto theonethat
is usedby Ripper if it is usedin unorderedmodeona 2-classproblem.

4 Accuracy

In thissection,wewill briefly presentanexperimentalevaluationof roundrobinbina-
rizationin arulelearningcontext. WechoseRipper (Cohen,1995)asthebaseclassifier,
which—in our view—is the mostadvancedalgorithmof the family of separate-and-
conquer(or covering)rule learningalgorithms(Fürnkranz1997;1999).

The unorderedand orderedbinarizationprocedureswere usedas implemented
within Ripper. The roundrobin binarizationwas implementedasa wrapperaround
Ripper, which providedit with theappropriatetrainingsets.This wasimplementedin
perl andhadto communicatewith Ripper by writing thetrainingsetsto andreading
Ripper’s resultsfrom thedisk. This implementationis referredto asR ; (RoundRobin
Ripper).

Table1 shows the 20 datasetswe usedin this study. They werechosenarbitrar-
ily amongdatasetswith <>= classesavailableat the UCI repository(Blake & Merz,
1998).3 The implementationof the algorithmwasdevelopedindependentlyandnot
tunedon thesedatasets.On the six setswith a dedicatedtestset,we reportthe error

1Thesituationcanbecomparedto a chessplayerthathasto play all of his gameswith the samecolor.
This canmakeadecisivedifferenceandmayinvalidatethefinal resultof thetournament.

2Anotherwayto ensureafair competition,whichis frequentlyusedin chesstournaments,is to assignthe
colorsin a deterministicway sothateachplayerhasanequalnumberof white andblackgamesin a single
roundrobin tournament.This couldalsobeadaptedfor ourproblem.

3Therestrictionto 4 or moreclasseswasmadebecauseon 3-classproblems,we would expectfrequent
3-wayties,which arenot yethandledverycleverly. Theissueof tiesis discussedfurtherbelow in thepaper
(Section7).
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name train test sym num classes def. error
abalone 3133 1044 1 7 29 83.5
covertype 15,120 565,892 44 10 7 51.1
letter 16,000 4000 0 16 26 95.9
sat 4435 2000 0 36 6 76.2
shuttle 43,500 14,500 0 9 7 21.4
vowel 528 462 0 10 11 90.9
car 1728 — 6 0 4 30.0
glass 214 — 0 9 7 64.5
image 2310 — 0 19 7 85.7
lr spectrometer 531 — 1 101 48 89.6
optical 5620 — 0 64 10 89.8
page-blocks 5473 — 0 10 5 10.2
solarflares(c) 1389 — 10 0 8 15.7
solarflares(m) 1389 — 10 0 6 4.9
soybean 683 — 35 0 19 94.1
thyroid (hyper) 3772 — 21 6 5 2.7
thyroid (hypo) 3772 — 21 6 5 7.7
thyroid (repl.) 3772 — 21 6 4 3.3
vehicle 846 — 0 18 4 74.2
yeast 1484 — 0 8 10 68.8

Table1: Datasetsused.Thefirst two columnsshow the trainingandtestsetsizes(as
specifiedin thedescriptionof thedatasets),the next threecolumnsshow the number
of symbolicandnumericattributesaswell asthenumberof classes.The lastcolumn
shows thedefaulterror, i.e., theerroronewouldgetby alwayspredictingthemajority
class.

rateon thesetestsets.On theother14 sets,we estimatedtheerror rateusingpaired,
stratified10-fold cross-validations.For abalone, sat andvowel we performedboth a
testsetevaluationanda cross-validation.4

Theright half of Table4 shows theaccuraciesof Ripper (unorderedandordered)
andR ; on thesedatasets.Onhalf of the20sets(notcountingthecross-validatedtrials
of the threesetsin the middle) R ; is significantlybetter(?�.A@B� C6C on a McNemar
test(Feelders& Verkooijen,1995))thanRipper’s defaultmode(orderedbinarization).
Thereareonly two sets(thyroid (repl.) andthetest-setversionof vowel), whereR ; is
worsethanRipper, bothdifferencesbeinginsignificant.Thecomparisonto unordered
Ripper is similar (thesignificancelevelsfor this casearenotshown).

We cansafelyconcludethatroundrobin binarizationmayresultin significantim-
provementsover orderedor unorderedbinarizationwithout giving a high risk of de-
creasingperformance.

4For abaloneandsat, this did not changetheresults,while for vowel theperformanceof all algorithms
increasedsignificantly, which mayindicatethatthe528examplesin theoriginal trainingsetareinsufficient
for learningagoodconcept.SeeTable4.
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C5 Ripper
dataset default boosted ratio unord. ordered R ; ratio D
abalone 78.45 77.59 0.989 81.03 82.18 72.99 0.888 ++
covertype 31.17 26.18 0.840 35.37 38.50 33.20 0.862 ++
letter 12.48 5.78 0.463 15.22 15.75 7.85 0.498 ++
sat 15.65 10.00 0.639 14.25 17.05 11.15 0.654 ++
shuttle 0.15 0.01 0.045 0.03 0.06 0.02 0.375 =
vowel 61.47 57.58 0.937 64.94 53.25 53.46 1.004 =
abalone(x-val) 78.48 77.88 0.992 81.64 81.18 74.34 0.916 ++
sat(x-val) 14.02 9.20 0.656 13.18 13.04 10.35 0.794 ++
vowel (x-val) 21.72 8.89 0.409 30.50 27.07 18.69 0.690 ++
car 7.58 3.82 0.504 5.79 12.15 2.26 0.186 ++
glass 35.05 27.57 0.787 35.51 34.58 25.70 0.743 ++
image 3.20 1.60 0.500 4.15 4.29 3.46 0.808 +
lr spectrometer 51.22 46.70 0.912 64.22 61.39 53.11 0.865 ++
optical 9.20 2.46 0.267 7.79 9.48 3.74 0.394 ++
page-blocks 3.09 2.58 0.834 2.85 3.38 2.76 0.816 ++
solarflares(c) 15.77 16.41 1.041 15.91 15.91 15.77 0.991 =
solarflares(m) 4.90 5.90 1.206 4.90 5.47 5.04 0.921 =
soybean 9.66 6.59 0.682 8.79 8.79 6.30 0.717 ++
thyroid (hyper) 1.11 1.03 0.929 1.25 1.49 1.11 0.749 +
thyroid (hypo) 0.58 0.32 0.545 0.64 0.56 0.53 0.955 =
thyroid (repl.) 0.72 0.90 1.259 1.17 0.98 1.01 1.026 =
vehicle 26.24 24.11 0.919 28.25 30.38 29.08 0.957 =
yeast 43.26 41.85 0.967 44.00 42.39 41.78 0.986 =

average 20.55 17.95 0.763 21.80 21.90 18.52 0.770

Table2: Error rates: Thefirst threecolumnsshow theerrorratesof C5 andC5-boost
(all with defaultparameters)andtheirratio(theimprovementrateonegetsbyswitching
from C5 to C5-boost). Thenext threecolumnsshow theresultsof Ripper (in unordered
andin default,orderedmode)andR ; . Thelasttwocolumnsshow theimprovementrate
of R ; over Ripper (default),andwhetherR ; is significantlybetter(++ if ?E.F@B�GCHC , + if?I.J@K�GCHL ) betterthanRipper, measuredwith a McNemartest.Thelast line shows the
averageof thecolumnsabove(thex-val versionsof abalone,satandvowel (middlepart
of thetable)wereignored).For theaccuracy-basedcolumns,thismeasureis dominated
by afew high-errordatasets,whichis thereasonwhy theratioof theaverageerrorsdoes
not matchthegivenvalue(which is theaverageof all ratios).

5 Round Robin Learning asan EnsembleMethod

Recently, ensemblemethodshave receivedconsiderableattentionwithin themachine
learningliterature(Dietterich,1997). Thebasicideais to obtaina diversesetof clas-
sifiers for a single learningproblem. Averagingthe predictionsof theseclassifiers
helpsto reducethevarianceandoftenincreasethereliability of thepredictions.There
are several techniquesfor obtaininga diverseset of classifiers. The mostcommon
techniqueis to usesubsamplingto diversify the trainingsetsasin bagging(Breiman,
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1996)andboosting(Freund& Schapire,1996). Othertechniquesincludethe useof
different featuresubsets(Bay, 1999)or to exploit the randomnessof the basealgo-
rithms (Kolen & Pollack, 1991),possiblyby artificially randomizingtheir behavior
(Dietterich,2000).A third approachfor obtainingDietterichandBakiri (1995)inves-
tigatederror-correctingoutputcodesasawayof improving thepredictiveperformance
of classifiers.

Roundrobin classificationmay alsobe interpretedasan ensemblemethods,and
its performancegain may be seenin this context. Obviously, the final predictionis
madeby exploiting theredundancy providedby multiple models,eachof thembeing
constructedfrom a subsetof theoriginal data.However, contraryto subsamplingap-
proacheslike baggingandboosting,thesedatasetsareconstructeddeterministically.5

In thisrespectit sharesmoresimilaritieswith error-correctingoutputcodes,but differs
from it throughthefixedprocedurefor settingup thenew binaryproblemsandthefact
thateachof thenew problemsis smallerthantheoriginalproblem.In particularthelat-
ter factmayoftencausethesub-problemsin pairwiseclassificationto beconceptually
simplerthantheoriginalproblem(asillustratedin Figure1).

If we comparethe improvementsin accuracy obtainedby R ; over Ripper to those
obtainedby C5-boost overC5 onthesameproblems(shown in theleft half of Table4),
we seethat the improvementratesarequite similar. Not only is the averageof the
improvementratiosalmostequal,but theresultsontheindividualdatasetsalsoseemto
correlatewith eachother. Roundrobinbinarizationseemsto work whenever boosting
works,andvice versa(see,e.g,theresultsonsolarflareswherebothdon’t work).

Figure2 plotstheerrorratiosof C5-boost/C5 andR ; /Ripper onthe20datasets.The
correlationcoefficient M , betweentheratioson thesedatasetsis about0.618.This is in
thesamerangeascorrelationcoefficientsfor baggingandboosting(Opitz & Maclin,
1999). There, it is also shown that worsebaselearnersproduceworseensembles,
whichmayexplain why R ; doesnot quitelevel theperformanceof C5-boost. It might
be interestingto seewhetherC5’s performancecanbe “boosted”to a similar level as
C5-boost by usingroundrobin binarization,in particularbecause(aswe shall seein
the next section)the roundrobin approachis considerablymore efficient. We plan
to conductthis experimentin the near future. We also plan to investigatewhether
additionaladditionalgainscanbe achieved by usinga combinationof boostingand
binarization.However, dueto thecorrelationof theimprovementsachievedby thetwo
techniques,wewouldnot expectthis to bethecase.

6 Efficiency

At first sight,it appearsto beaquestionableideato replaceNO� � � binarylearningtasks
(unorderedbinarization)with NO� � , � binary learningtasks(roundrobin binarization)
becausethe quadraticcomplexity seemsto be prohibitive for taskswith morethana
few classes.This sectionwill illustratethatthis is not thecase.

5Boostingis alsodeterministicif thebaselearneris ableto useweightedexample.Often,however, the
exampleweightsareinterpretedasprobabilitieswhichareusedfor drawingthesamplefor thenextboosting
iteration.
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Figure2: Error reductionsratiosof boosting( P -axis)vs. roundrobin ( Q -axis).

6.1 Theoretical Considerations

In thissection,wewill seethatalthoughroundrobinclassificationturnsasingle � -class
learningprobleminto � � �R� �	� 2-classproblems,thetotal learningeffort is only linear
in the numberof classes,andmay in somecircumstanceseven be smallerthan the
effort neededfor anunorderedbinarization.Theanalysisin thissectionis independent
of thebaselearningalgorithmused.Someof theideashave alreadybeensketchedin a
shortparagraphby Friedman(1996),but wegointo moredetailhere,and,in particular,
focuson thecomparisonto conventionalclassbinarizationtechniques.

Definition 6.1(classpenalty) If the baselearner has a complexity growth functionS �UTV� (i.e., the time neededfor a T -exampletraining set is
S �UTV� ), and the total time

neededfor the classbinarizedproblemsis W � � � S �XTV� , we call the function W � � � the
classpenalty.

Theclasspenalty W � � � measurestheperformanceof analgorithmona (classbina-
rized) � -classproblemrelative to its performanceon a single2-classproblemof equal
size.

In the following, we will comparethe classpenalty WBY of a single round robin
classbinarizationto classpenalty WKZ of anunorderedbinarization.Notethattheclass
penaltyfor a doubleroundrobin is twiceashighastheclasspenaltyof a singleround
robin. Also, unorderedbinarizationis moreexpensive thanorderedbinarization,but it
is simplerto analyzebecauseit doesnot dependon the classdistribution. We would
estimatethat theorderedapproachwill takeabouthalf of the trainingtime of theun-
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orderedapproach.6 So,unlessnotedotherwise,theratioof thepenaltyfunctionshasto
beadjustedby factorof 4 to gettheresultsof orderedbinarizationversusdoubleround
robinbinarization.

Lemma 6.2 Thetotal numberof training examplesproducedby the unorderedclass
binarizationis greaterthanthetotal numberof examplesproducedby a singleround
robin binarization(andmore thanhalf of thetotal numberof examplesproducedby a
doubleroundrobin binarization).

Proof: We assumea learningproblemwith � classesand T examples. Eachclass� � � �����
�	� � � containsT�[ examples,\ &[^] * T�[ �_T .
First, we considerthe unorderedcase:Eachof the � classesis learnedusingall

examplesof theother �`� � classesasthenegative examples.Thuswe have � binary
learningtasks,eachof themusingtheentiretrainingset.Hence,thelearnerprocesses
a totalof � T trainingexamples.

Now considera doubleroundrobin binarization:We have � � �`� �
� problems,one
for eachpair of classes- � � �K. with

� � �a�b���
�	� ��� � 
�_� . Theproblemcorresponding
to thepair - � � �c. hasT [ � T1d examples.Thusthetotalnumberof examplesisef g h�i efj h�ilk j
mh gonXp

g1q p jsrut ef g h�i efj h�i nXp
g1q p jvrxw ef g h�i nXp

g1q p g r
t ef g h�i n^yzp

g1q p rVw�{ p t|{ ysp w}{ p t~{ n^y wI�sr p
As �K� ��� �	�"T9-�� � T , the total numberof examplesis lessthan twice that of the

unorderedbinarization.
Thesingleroundrobin binarizationuseseachpair of classesonly onceinsteadof

twiceasin thedoubleroundrobin.Hencethetotalnumberof examplesis only � �1� �	�"T
which is lessthanthe � T for theunorderedcases. �

Thereis a moreintutitive proof for this fact: In the unorderedclassbinarization,
eachexampleappearsin eachbinarytraining task,i.e., in � tasks,resultingin a total
of � T examples.In the(single)roundrobinbinarization,eachexampleappearsin only��� � tasks,namelyin thosetaskswhereits classis pairedagainstoneof the ��� � other
classes.

How doesthenumberof usedtrainingexamplesinfluencethetrainingtime?Let us,
for themoment,assumethatwehave a lineargrowth function7 S �XTV������T , i.e., if we

6Theorderedapproachhasonly �V�O� binarytasks,andthenumberof trainingexamplesdecreaseswith
eachlearnedclass.Our empiricalresults(Section6.2) indicatethat for Ripper, the actualgain is lessthan
50%.

7We also assumethat the basealgorithmhasno constantoverhead,which is, of course,a somewhat
questionableassumption.Notehowever,somesigificantoverheadcosts,like readingin thetrainingexamples
(andsimilar initialization steps)need,of course,only be performedonceif the roundrobin procedureis
performedin memory(which is not the casefor our implementation).If thereis neverthelessan overhead� to be considered(i.e., �1���4���9����� � ), the total costswill be increasedby

e���el� i^�� � . Eventually
(with growing � ), thesequadraticcostsmay be moreexpensive thanthe savings derivedbelow, but under
reasonableassumptions(e.g., � �`� � ) theseadditivecostsshouldnot matter.
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doublethetrainingsetsize,thealgorithmwill taketwice aslong. Thenthefollowing
theoremfollowstrivially from theabove lemma.

Theorem 6.3 ���v'�&"+����'�&"+ -�� for algorithmswith a linear complexity
S �XTV�`�J��T .

Proof: Thecomplexity of theroundrobinprocedureis \ &[^] * \ &d ] *�� d6�]�[ S �UT [ � T1d�� .
A linear growth function with no constantoverheadis

S �UTV�E����T . Substitutingin
the above formula and pulling out the � resultsin a complexity of � � ��� �
�"T . An
analogousderivationgivesusa complexity of � � T for theunorderedapproach.Thus� � '�&"+����'(&"+ � &�) *& -�� . �

Theobviousquestionnow is: whathappensin the caseof algorithmsthathave a
super-linear growth function, i.e., where

S �UTV�O� TV¡ for some ¢£.A� ? Note that for
suchfunctions

S �UT * � � S �XT , �¤- S �UT * � T , � holds( T * � T , .¥@ ).8 This meansthat
performinga singlelearningtaskon a training setof size T is moreexpensive than
performingseveraltrainingtasksonsetsof size T [ where \ &[^] * T [ �JT . This leadsus
to thefollowing

Proposition 6.4 The classpenaltyratio � � '�&"+���6'�&"+ of the round robin binarization over
the unordered binarization decreaseswith increasingorder of growth ¢ of the base
algorithm’sgrowthfunction

S �UTV���JT ¡ . Likewise,it decreaseswith increasingnumber
of classes� for a fixedgrowthfunctionwith order ¢�.�� .

Unfortunately, wedid notmanageto find a strict formal proof for this proposition.
However, as W Y - W Z in the linear case(Theorem6.3), and super-linear functions
penalizelargertrainingsetsmoreheavily thansmallertrainingsets( \¦T ¡[ -§�X\AT�[l� ¡
for ¢F.¨� ), it seemsto be evident that the smallertraining setsof the roundrobin
binarizationwill bepenalizedlessby a moreexpensive algorithmthanthe largersets
of theconventionalorderedor unorderedbinarization.Thiseffectshouldbeclearerfor
moreclassesandfor growth functionsof higherorders¢ .

As anillustration,however, it is easyto proof thefollowing specialcase:

Theorem 6.5 Proposition6.4holdsfor problemswith a uniformclassdistribution.

Proof: In the(single)roundrobin case,we have &�'�&�)0*�+, problemswith �ª© & examples
each.Hencethetotalcomplexity isy	n^y wI�sr{ «¤¬ { p yV­ t y
n^y wI�zr{ ¬ { p yV­�® t n^y w:�zr�¯ {yK° ® � i « nXp r
andthepenaltyfunction WBY � � �±�9� ��� �	�z� ,& � ¡ ) * . As for multi-classproblems

,& -�� ,� , & � ¡ ) * decreaseswith increasing¢ .
On the otherhand,the unorderedclassbinarizationtransformsthe � -classprob-

lem into � 2-classproblems,eachof which hasthecomplexity
S �XTV� . Henceits class

8This is easyto seefor integervaluesof ² becausethetermontheleft-handsidecontainsonly all “pure”
powersandleavesout all termsthatcontainpowersof both � i and � � .
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penalty W Z � � ��� � is constant(with respectto ¢ ). As thenumeratorof theratio ����'�&"+����'�&"+decreaseswith increasing¢ andits denominatorremainsconstant,theratio decreases
with increasing¢ .

Likewise, WKZ � � �³� � grows linearly with � , while WBY � � ���A� ��� �
�z� ,& � ¡ )0* grows
sub-linearlybecausethe factor � , & � ¡ ) * decreaseswith increasing� for ¢E.´� . Hence

theratio � � '�&"+����'�&"+ decreaseswith increasing� for a constant¢�.�� . �
Notethat this theoremimpliesthatfor sufficiently high � and/or ¢ eventhedouble

roundrobin will be fasterthanthe orderedbinarization. Assume,e.g.,an algorithm
with a quadarticcomplexity on an eight-classproblem(i.e., ¢I�A� and � �¶µ ), the
penaltyratio ·1¸ n^y r·1¹ n^y r t n^y wI�sr n � e r ® � iy t�º n i» r i¼ t º½ { D �¾
Thus,underthesecircumstances,thesingleroundrobin is morethanfour timesfaster
thantheunorderedapproach.Consideringthatthedoubleroundrobin is twiceasslow,
andassumingthattheorderedapproachis twiceasfastastheunorderedapproach(see
thefollowingsectionfor empiricalvaluesonthat),adoubleroundrobinwouldbefaster
thantheorderedapproach.In the following section,this scenariowill beempirically
evaluated.

6.2 Empirical Evaluation

Contraryto thetheoreticalanalysisin theprevioussection,wherewe focussedon the
lenientcaseof pairingunorderedbinarizationvs.singleroundrobin,ourempiricalre-
sultsshow theperformanceof orderedbinarization(Ripper’s defaultmode)vs.double
roundrobinbinarization.This,aswehavenotedabove, is theworstcase.In thecaseof
a linearalgorithmcomplexity, theroundrobin shouldbeaboutfour timesslower than
theorderedbinarization.

Theright half of Table6.2shows thetrainingtimes9 in CPUsecs.usertime (mea-
suredon a SparcUltra-2 underSunSolaris)of R ; andits performanceratiosagainst
Ripper in unorderedandorderedmode.On average,it is about2.6 timesslower than
Ripper in unorderedmode,andabout4 timesslower thanRipper in default,ordered
mode. Conincidentally, thesenumbersalsoshow that the orderedmodeis lessthan
twice asfastastheunorderedmode,which confirmstheassumptionswe madeat the
beginningof Section6.1.

The left half of Table6.2 shows the run-timesof C5 andtheir ratiosagainstC5-
boostin defaultoperation.C5-boost is about8.75 timesasslow asC5, which corre-
spondsfairly well to thefactorof 10 thatcanbeexpectedfrom thefact thatC5-boost
performs10 iterationsof basicC5. In all casesbut one(solarflares(c)), R ; is more
efficient in comparisonto Ripper thanC5-boost is in comparisonto C5.

Moreover, thereareseveralcaseswhereR ; is evenfasterthanRipper in unordered
modeandcomescloseto Ripper in orderedmode. This is despitethe fact that R ; is

9Classificationtime is only includedin therunsthathadaseparatetestset.In general,it canbeexpected
to bemoreexpensivefor R ¿ . SeeSection7 for abrief discussionof this issue.
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dataset C5 -b vs.C5 R ; vs.unord vs.order
abalone 23.34 10.81 193.0 4.51 5.73
covertype — — — —- —-
letter 73.37 6.64 1250.0 0.51 1.14
sat 27.86 9.10 143.0 0.85 1.51
shuttle 35.98 5.67 277.0 2.10 3.16
vowel 2.66 9.50 14.0 1.83 4.75
abalone(x-val) 27.69 10.80 140.28 3.14 3.27
sat(x-val) 44.80 9.31 186.89 0.69 1.25
vowel (x-val) 5.02 9.77 16.22 0.87 2.16
car 0.38 10.32 6.71 1.55 1.47
glass 0.42 8.72 2.03 2.26 3.80
image 5.38 6.81 25.84 0.90 1.98
lr spectrometer 58.27 10.61 489.67 4.40 6.93
optical 55.75 7.52 275.69 0.63 1.34
page-blocks 7.83 8.44 36.66 1.43 1.93
solarflares(c) 0.17 3.78 6.65 6.03 7.57
solarflares(m) 0.27 7.59 3.98 5.62 7.49
soybean 0.78 7.16 21.07 6.29 13.24
thyroid (hyper) 2.81 7.88 19.71 2.68 3.46
thyroid (hypo) 2.14 9.35 14.91 2.39 3.63
thyroid (repl.) 1.90 9.29 15.35 2.26 3.33
vehicle 2.64 10.82 7.66 1.22 2.10
yeast 6.44 10.65 16.90 1.77 3.12
average 8.75 2.60 4.00

Table 3: Runtimeresults: columns2 and 4 show the run-times(in CPU secs.user
time) of C5-boost andR ; . Thefollowing columnsshow theratio of C5-boost over C5
(col. 3) andR ; over unordered(col. 5) andordered(col. 6) Ripper. Thefirst five lines
aretotal run-times,i.e., trainingandtesttime, while thecross-validatedresultsreport
trainingtimeonly. Wefailedto measuretherun-timesfor thecovertypedataset,where
the situationwascomplicatedbecauseof the large testset,which hadto besplit into
severalpiecesfor theRipper-basedalgorithms.Thelast line shows theaverageof the
17cross-validateddatasets.

implementedasaperl-scriptthatcommunicatesto Ripper by writing thetrainingand
testsetsof thenew tasksto thedisk. Althoughthisis somewhatcompensatedby thefact
thatwe only reportusertime (which ignorestime for disk accessandsystemtime),10

a tight integrationof roundrobin binarizationinto Ripper’sC-codewould certainlybe
moreefficient.

The good performanceof R ; doesnot comeentirely surprising,if we consider
the super-linear run-timecomplexity of Ripper.11 For moreexpensive baselearning

10For example,on the26-classletter dataset,whereR ¿ writes À�ÁÃÂ¤ÀzÄ`�IÁ
Ä�Å files to the disk, its total
run-timeis about15%higherthanthereportedusertime,while thereis almostnodifferencefor Ripper.

11Thecomplexityof Ripper’s initial rule learningandpruningphaseis Æ����3ÇGÈzÉ � �Ê�1�X� (Fürnkranz& Wid-
mer, 1994;Cohen,1995). The two phasesof optimizationthat Ripper performsthereafter, only adda con-
stantfactor to theseresultsaccordingto the experimentalevidenceshown in (Cohen,1995). However, in
very large domains,like text domains,our own experienceis that thesetwo optimizationphasescanslow
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algorithms(like supportvectormachines),the analysisin theprevioussectionletsus
expectevenbiggersavings.

7 Other Issues

In the following,we briefly discussfurtherimportantaspectsof roundrobin binariza-
tion.

Parallel Implementations: It shouldbenotedthat—contraryto boosting,wherethe
individualrunsdependoneachotherandhavetobeperformedin succession—pairwise
classificationcanbeentirelyparallelized(asalreadynotedby Friedman(1996)andLu
andIto (1999)). As eachbinary taskwill be smallerthanthe original task,the total
training time of a mutli-classproblemof size T will be significantlybelow that of a
binaryproblemof thesamesize,if eachbinaryclassifiercanbe trainedon a separate
processor.

Memory Requirements: It is alsoclearthateachindividualbinarytaskin a round-
robin binarizationhaslesstrainingexamplesthanthe original tasks. For multi-class
tasksthataretoolargeto beperformedin memory, pairwiseclassificationmayprovide
asimplemeansto reducethesizeof thelearningtaskwithoutresortingto subsampling.
Notethatthis is not thecasefor unorderedclassbinarizationor error-correctingoutput
codes.

ImbalancedClassDistrib utions: Althoughwehavenotyetevaluatedthis issue,we
alsobelievethatroundrobinbinarizationis ableto betterfocusonminority classes,in
particularin problemswhereseverallargeclassesappearnext to afew smallclasses.In
particularthefact thatseparateclassifiersaretrainedto discriminatethesmallclasses
from eachother(andnot only from all remainingexamplesaswould be the casefor
unorderedbinarizationor for treatingthemulti-classproblemasa whole)mayhelpto
improve thefocusin thecaseof imbalancedclassdistributions.

Classification Efficiency: Our efficiency analysisis only concernedwith training
time. At testingtime,wehave to testaquadraticnumberof classifiersin orderto make
the final prediction. Although it might be the casethat the constituentclassifiersare
simpler(which oftenmeansthat they canmakefasterpredictions)it canbeexpected
thatclassificationtimewouldbeconsiderablyslowerthanin theunorderedbinarization
case. This situationis particularlybad for lazy learners,which defer mostof their
trainingeffort to theclassificationphase.

To copewith suchsituation,we could oncemoretakea look a sportsandgame
tournaments,wheresimilar problemsarisewhen the numberof participantsin the
tournamentpreventsa roundrobin. Thefrequentlyusedknock-outtournament(where
playersarepairedrandomlyandonly thewinneradvancesinto thenext round)seems

down thealgorithmconsiderably, andseemto dominatetherun-time(but wehavenotperformeda thorough
analysisof this issue).
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to bevery brittle. An interestingalternative might beprovidedby swisssystemtour-
naments,which arefrequentlyusedin chess,whereall playersplay a fixednumberof
rounds.Thetrick is thatin eachroundplayersof aboutequalstrength(approximately
equalrankingin thetournament)arepairedagainsteachother. Suchschemescouldim-
prove classificationtime for problemswith very high numbersof classes,in particular
if classificationis very expensive (like with lazy learners).

Tie Breaking: We have mostlyignoredtheissueof tie-breaking,which is necessary
whenseveral classeshave an equalnumberof wins againstotherclasses.In partic-
ular for a low numberof classes,ties aremorelikely becausethe ensembleis much
smaller(which wasthe reasonwhy we restrictedour studyto problemswith at least
four classes).Ourstraight-forwardapproachof usingthea priori morelikely class,can
certainlybe improvedupon. In additionto techniquesknown from the literature(see,
e.g.,(Hastie& Tibshirani,1998;Allwein et al., 2000)),onecouldagainthink of ex-
ploring techniquesthatarecommonlyusedfor breakingtiesin tournamentcrosstables
in gamesandsports(suchastheSonneborn-Bergerrankingin chesstournaments).

Comprehensibility: Whileboostingalsoprovidessimilargainsin accuracy, theprice
to pay is that the learnedensembleof classifiersis no longereasyto comprehend.12

While roundrobin rule learningalso learnsan ensembleof classifiers,we think that
it hasthe advantagethat eachelementof the ensemblehasa well-definedsemantics
(separatingtwo classesfrom eachother). In fact, Pyle (1999)proposesa very simi-
lar techniquecalledpairwiseranking in orderto facilitatehumandecision-makingin
rankingproblems.Thebasicclaimis thatit is easierfor ahumanto determineanorder
betweenT itemsif onemakespairwisecomparisonsbetweentheindividual itemsand
thenaddingup thewinsfor eachiteminsteadof trying to ordertheitemsright away.13

8 RelatedWork

Pairwiseclassificationwasintroducedto themachinelearningliteratureby Friedman
(1996)but the ideaseemsto have beenknown for sometime.14 Friedmanproposes
thebasicarchitectureandevaluatestwo versionsof CART (Breimanet al., 1984)and
a nearestneighboralgorithmon 50 randomlygeneratedproblems.He observed im-
provementsfor theCART versionwhichusesa linearfunctionfor splittinga nodeand
for thenearestneighborrule. For CART with axisparallelsplits,theperformanceof the

12An exceptionmight bea systemlike Slipper (Cohen& Singer, 1999)which tightly integratesboosting
into therule learningalgorithmwith the effect thatonly a singlesetof rulesis learnedandtheredundancy
amongtheserules is exploitedto obtainhigheraccuracies.A direct comparisonbetweenSlipper andR ;
wouldbevery interesting,notonly for this reason.

13Theaspectof beingableto ranktheavailableclassificationsfor eachexample(asanintermediateversion
betweenpedictingonlyaclassvalueandprovidingafull probabilitydistribution)is anotherinterestingaspect
of roundrobin binarization,whichmightbeworthexploringin moredepth.

14For example,Witten andFrank(2000)independentlyrefer to it on p. 113asan alternative technique
for makinglinear regressionapplicableto multiclassproblems.However, they do not give a sourceor an
evaluationof theapproach.
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pairwiseclassbinarizationwassimilar to thatof thestandardtechniques.Theauthor
alsoprovideda brief discussionof thecomplexity of theapproach.

HastieandTibshirani(1998)pickedupthetechniqueandintroducedpairwisecou-
pling, a tie-breakingtechniquewhich combinesthe classprobability estimatesfrom
the binaryclassifiersinto a joint probabilitydistribution for the multi-classproblem.
They alsosuggestedthe useof this techniquefor supportvectormachines,whereit
subsequentlygainedsomepopularity. For example,Kreßel(1999)evaluatedit on a
handwrittendigit classificationproblem.His resultsdidnotshow aconsistentimprove-
mentof theerrorrates(ononly two datasets),but thepairwiseapproachoutperformed
theunorderedbinarizationtechniquein termsof efficiency. This performancegain is
explainedby our theoreticalconsiderations(Section6.1). Pairwisesupportvectorma-
chineswerealsoappliedto the problemof speakeridentification(Schmidt& Gish,
1996;Schmidt,1996).

AnguloandCatal̀a (2000)suggesta relatedtechniquewheremulti-classproblems
aremappedto 3-classproblems.Like with pairwiseclassification,the ideais to gen-
erateonetrainingsetfor eachpairof classes,but in additionto encodingthetwo class
valueswith target values

� � and � � , examplesof all otherclassesareaddedwith a
targetvalueof @ , which seemsto give up someof theadvantagesthat resultfrom the
reductionof the training setsizeson the binary problems. We arenot awareof an
empiricalevaluationof theirapproach.

Classbinarizationtechniqueswerealsoinvestigatedin the neuralnetworkscom-
munity. The motivation wasthat it is sometimesbetterto have a modularnetwork,
i.e.,anetworkthatconsistsof severalindependentlytrainedsub-networksthatarecon-
cernedwith differentaspectsof theproblem,thana singleneuralnetworkwith many
outputnodes,whichusuallyrequiresalargehiddenlayerandsignificanttrainingtimes.
Unordered(Anandet al., 1995)andpairwise(Lu & Ito, 1999)binarizationtechniques
have beeninvestigated.

Error-correctingoutputcodes(Dietterich& Bakiri, 1995)areapopularandpower-
ful generalclassbinarizationtechnique.Thebasicideais to encodea � -classproblem
as Ë� binaryproblems( Ë� . � ), whereeachbinaryproblemusesasubsetof theclassesas
thepositiveclassandtheremainingclassesasa negative class.It maythusbeviewed
asageneralizationof unorderedbinarization,whereonlysingleclassesareusedaspos-
iti ve examples.As a consequence,eachoriginal classis encodedasa Ë� -dimensional
binaryvector, onedimensionfor eachpredictionof a binaryproblem.New examples
areclassifiedby determiningthebinaryvectorthat is closestto thebinaryvectorob-
tainedby submittingtheexampleto the Ë� classifiers.If thenew classesarechosenin
a way thatthedistancebetweentheclassvectorsis large,thereliability of theclassifi-
cationcanbesignificantlyincreased.Error-correctingoutputcodescanalsobeeasily
parallelized,but eachsubtaskrequiresthetotal trainingset.As thenumberof required
binary problemsis . � for a � -classproblems,its penaltyfunction W�Ì ¡ & . � , i.e.,
pairwiseandunorderedbinarizationaremoreefficient.

Most recently, Allwein et al. (2000)provide a unifying view of variousclassbi-
narizationtechniquesandderive sometheoreticalerror bounds.They alsoprovide a
thoroughexperimentalstudyof fivedifferentclassbinarizationschemeswith threedif-
ferenttechniquesfor combiningthepredictionsof thebinaryclassifiers.Their results
showedthatfor supportvectormachinestheunorderedbinarizationtechniqueis infe-
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rior to othertechniquesincludingpairwiseclassification.Amongthe alternatives,no
clearwinneremerged. However, for boosteddecisiontrees,no consistentdifference
betweenthe methodscould be found (includingunorderedbinarization).This opens
the question,whethera combinationof boostingandclassbinarizationmay increase
theperformanceof eithermethod.In ourstudy, thesimilarperformanceimprovements
obtainedby boostingandclassbinarizationseemto suggestthat althoughboth tech-
niquesoperateon differentprinciples,their effect seemsto bequitesimilar, andit is
doubtfulthattheircombinationwill resultin additionalperformancegains.In thereign
of rule learning,thisquestioncouldbeansweredby acomparisonof Slipper (asucces-
sorof Ripper thatusesboostedrulesets(Cohen& Singer, 1999))to classbinarization.
Alternatively, weplanto evaluateroundrobinbinarizationfor C5 andC5-boost.

Finally, wenotetherelationof theapproachto comparisontraining(Tesauro,1989;
Utgoff & Clouse,1991), which wasproposedas a training procedurein evaluation
function learning. In this framework, the learneris not trainedwith the targetvalues
of theevaluationfunction in certainstates,but insteadis trainedon statepairswhere
thepreferredstateis marked.Thus,this trainingprocedureis somewherebetweensu-
pervisedlearning(whereit is trainedon thetargetvalues)andreinforcementlearning
(whereit only receives indirect feedbackaboutthe valueof states).Tesauro(1989)
demonstratedaparticularlyinterestingtechnique,whereheenforceda symmetricneu-
ral networkarchitectureandshowedthatwith thisarchitecture,heonly hasto performT network evaluationsto determinethe bestof T moves. It is an interestingopen
question,whethera similar techniquecould be employedfor speedingup pairwise
classification.

9 Summary and Outlook

This paperhasinvestigatedtheuseof roundrobin binarization(or pairwiseclassifica-
tion) asa techniquefor handlingmulti-classproblemswith separate-and-conquerrule
learningalgorithms(akacoveringalgorithms).Our experimentalresultsshow that,in
comparisonto conventional,orderedor unorderedbinarization,the roundrobin ap-
proachmayyield significantgainsin accuracy withoutriskingabadperformance.The
performanceimprovementseemsto besimilar to thatachievableby boosting,although
a thoroughinvestigationof this issueis still pending.We think that thereasonfor its
goodperformancelies on theonehandin theexploitationof diversepredictionsin an
ensembleof classifiersand,on theotherhand,in thefact that theseclassifiersmaybe
conceptuallysimplerandcanbe learnedmorereliably (Figure1(c)). Moreover, we
demonstratedbothempiricallyandtheoreticallythat thequadraticgrowth in thenum-
berof learningproblemsis compensatedby thereductionin sizefor eachof theindi-
vidualproblems.For algorithmswith a super-linearrun-time,roundrobinbinarization
may even be fasterthanthe unorderedor orderedtechniquesthat areconventionally
usedin rule learning.

Thereareseveralissuesthatstill needto beaddressed.First,wewantto investigate
whetherthecorrelationin theperformancegainsof boostingandroundrobinbinariza-
tion prohibitsaneffective combinationof thesetwo techniques.To this end,we plan
to evaluateroundrobin binarizationusingC5 andC5-boost asbaselearners.Alter-

17



natively, a direct comparisonof R ; to Slipper (Cohen& Singer, 1999)couldprovide
evidenceto answerthisquestion.

Themaindisadvantageof theapproach,of course,is its dependency on thenum-
berof classes.More classesresultin a biggerensemblewhich shouldproducebetter
predictions.In particularin thelimiting case,whereonly two or threeclassesareavail-
able,thebenefitsshouldberathersmall.This trade-off alsoneedsto beinvestigatedin
moredetail.

Finally, a tight formal proof of Proposition6.4 would closethe gapin our theo-
reticalargumentation(however, we think thatour informal argumentationsupportsits
validity). Likewise,anefficient, tight integrationof roundrobin binarizationinto the
Ripper rule learningalgorithmwould be highly desirablein order to facilitate a fair
empiricalevaluationof theeffiency of theapproach.
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