RoundRobinRuleLearning

Johanneg&iurnkranz
AustrianResearclhnstitutefor Artificial Intelligence
Schottenga®s3, A-1010Wien, Austria

E-mail:j uf fi @i .univie. ac. at

TechnicalReportOEFAI-TR-2001-02

Abstract

In this paperwe discussatechniqueor handlingmulti-classproblemawith binary
classifiers Theidea—learningneclassifierfor eachpair of classes—i&nown as
pairwiseclassificatiorbut—toour knowledge—hasotyetbeerthoroughlyinves-
tigatedin thecontet of inductive rulelearning.We presenanempiricalevaluation
of themethodasawrapperaroundthe Ripper rule learningalgorithmon 20 multi-

classdatasetérom the UCI databaseepository Ourresultsshav thatthe method
is very likely to improve Ripper’s classificationperformancewithout having a
highrisk of decreasingt. Thesizeof thisimprovementis similarto thatobtained
by boostingC5. In addition,we give a theoreticalanalysisof the compleity of

theapproachandshow thatits trainingtime is within a smallconstanfactorof the
trainingtime of thesequentiatlassbinarizationtechniquehatis currentlyusedin

Ripper

1 Intr oduction

Pairwise classificationis a techniquefor reducinga multi-classproblemto multiple
2-classgproblemsby learninga classifierfor eachpair of classesilts first formalization
in themachindearningliteratureis dueto Friedman(1996).1t hasbeenpreviously ap-
pliedto variousproblemsmostlyin the supportvectormachinecommunity(seesec-
tion 8), but we are not aware of an extensive experimentalstudy in particularnotin
the contet of inductive rule learningalgorithms.In this paper we will shav thatthis
techniquein fact givessignificantimprovementsin predictive accurag. We explain
theseimprovementsby pointing out that pairwiseclassificationcan be interpretedas
anensembleechniqugDietterich,1997).

In addition,we provide a detailedanalysisof the compl«ity of the approachand
shaw thatit is only within a constantfactor of the conventionalapproacheghattrain
eachclassagainstall otherclassesFor algorithmswith supetlinearasymptotioccom-
plexity, it may even be considerablyfaster This is underlinedby our experimental
results.



2 ClassBinarization

Many machinelearningalgorithmsareinherentlydesignedor binary (two-class)de-
cision problems. Prominentexamplesare neuralnetworkswith singleoutputnodes,
supportvector machinesand separate-and-conquerle learning. In addition, all re-
gressionalgorithmscan,in principle, be usedfor binary decisionproblems,but not
for multi-classproblems(unless,maybe,if the classvaluesare ordered). However,
real-worldproblemsoften have multiple classes Fortunately thereexist several sim-
ple techniquedor turningmulti-classproblemsinto a setof binary problems.We will
call suchtechniqueglassbinarizationtechniques.

Definition 2.1 (classbinarization, decoding,baselearner) A classbinarizationis a
mappingof a multi-classlearning problemto several 2-classlearning problemsin a
waythatallowsa sensibledecodingof the prediction,i.e., allowsto derivea prediction
for the multi-classproblemfrom the predictionsof the setof 2-classclassifiers. The
learningalgorithmsusedfor solvingthe 2-classproblemss calledthe baseclassifier

The mostpopularclassbinarizationrule is the unorderedr one-against-altlass
binarization,whereonetakeseachclassin turn andlearnsbinary conceptghat dis-
criminatethis classfrom all otherclasseslt hasbeenindependentlyproposedor rule
learning(Clark & Boswell,1991),neuralnetworks(Anandet al., 1995),andsupport
vectormachinegCortes& Vapnik,1995).

Definition 2.2 (unordered classbinarization) Theunorderealasshinarizatiortrans-
formsa c-classprobleminto ¢ 2-classproblems. Theseare constructedy usingthe
examples of class i as the positive examplesand the examples of classesj,

j=1...¢,j # i asthengyativeexamples.

The name“unordered”originatesfrom Clark andBoswell (1991),who proposed
thisapproactasanalternatveto thedecision-lisiearningapproactihatwasoriginally
usedin CN2 (Clark & Niblett, 1989; Rivest,1987). In otherfields, the stratgy has
differentnamesput asour mainconcerns rulelearning we stickwith theterminology
usedthere.

The rule learningalgorithm Ripper (Cohen,1995), which will be our main test
object,alsoprovidesan optionfor inducingunorderedule sets. Its defaultmode of
operationhowever, is anorderedapproach.

Definition 2.3 (ordered classhinarization) Theorderectlassbinarizatiortransforms
a c-classprobleminto (¢ — 1) 2-classproblems. Theseare constructedy usingthe
exampleofclassi,i = 1...c— 1 asthepositiveexamplesandtheexampleof classes
J,j =14 1...castheneativeexamples.

Note that orderedclassbinarizationimposesan order on the inducedclassifiers,
which hasto be adheredo at classificationtime: the classifierlearnedfor discrimi-
natingclassl from classe2 . . . ¢ hasto becalledfirst, andiff this classifierclassifies
the exampleasbelongingto classl, no otherclassifieris called. If not, the examples
is subjectedo to the next classifier Unorderecclassbinarization,on the otherhand,
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(a) Multi-classlearning
oneclassifiethatseparateall classes.

(b) Unordered learning

et (c) Roundrobinlearning
¢ cIassmerseachseparatesneclqss cgc;1 ) classifierspnefor eachpair of
from all otherclassesHere: + against classesHere: + against.

all otherclasses.

Figurel: Unorderecandroundrobin binarizationfor a 6-classproblem.

hasto call eachof its constituenbinaryclassifiersandrequiressomeexternalcriterion
for decodingthe individual predictionsinto a final prediction. Typical decodingrules
vote the predictionsof the individual classifiers possiblyby taking into accountthe
confidence®f the predictions.

For a uniform view andan empirical evaluationof several classbinarizationand
decodingechniquesye referthereaderto section8 and(Allwein etal.,2000).In the
following sectionwe discussoneparticulartechniquein moredetail.



3 Round Robin Classification

In this section,we will discussamorecomple classbinarizationprocedurethe pair-

wise classifier The basicideais quite simple,namelyto learnone classifierfor each
pair of classesln analogyto roundrobin tournamentsn sportsandgamesjn which

eachparticipanis pairedwith eachotherparticipantonce we call this proceduregound
robin binarization

Definition 3.1(round robin, pairwise binarization) Theroundrobinor pairwiseclass
binarizationtransformsa c-classprobleminto ﬂc;—ll 2-classproblems,onefor eah
uniquepair of classes<i, j> (i =1...c—1,j =i+ 1...¢). Thebinaryclassifieris
trainedonthetraining examplesof classes andj. Theexamplesof classest i, j are
ignoredfor thebinary classifier<i, j>.

Whenclassifyinga nev example, eachof thelearnedoaseclassifiersleterminego
which of its two classesheexampleis morelikely to belongto. Thewinneris assigned
a point, andin the end, the algorithmwill predictthe classthathasaccumulatedhe
mostpoints.In ourversion tiesarebrokenby preferringthe classthatis morefrequent
in thetrainingset(or flipping a coinif the frequenciesireequal),but moreelaborate
techniquesrepossible(seeSection?).

Roundrobin binarizationis illustratedin Figurel. For the 6-classproblemshavn
in Figure 1(a), the roundrobin procedurdearns15 classifiers,one for eachpair of
classes.Figure 1(c) shaws the classifierfor the classpair <+, ~>. In comparison,
Figure 1(b) shawvs one of the classifiersfor the unorderedclassbinarization,namely
the onethatpairsclass+ againstall otherclasses.It is obviousthatthe roundrobin
baseclassifierusesfewer examplesand thushasmore freedomfor fitting a decision
boundarybetweenthe two classes.In fact, in this problem,all binary classification
problemsof theroundrobin binarizationcouldbe solvedwith asimplelineardiscrimi-
nant,while neitherthe multi-classproblemnor its unorderedinarizationhave alinear
solution.

Notethatsomeexampleswill beforcedto beclassifiederroneouslyy someof the
binary baseclassifierdecauseachclassifiermustlabel all examplesasbelongingto
oneof thetwo classeét wastrainedon. Considettheclassifiershavn in Figurel(c): it
will arbitrarilyassigrall examplesof classo to either+ or ~ (dependinggnwhich side
of thedecisionboundarythey are). However, thevotesof the5 classifierghatcontain
examplesof classo shouldbe ableto overrule the votesof the 10 other classifiers,
which moreor lessrandomlyassignone of the other5 classego eacho example. In
fact,if the5 o classifierainanimouslyotefor o, nootherclasscanaccumulaté votes
(becausét lostits directmatchagainsio). Besidesjt would be quite unlikely thatall
classifierghatdid not containary examplesof classo would unanimouslyopt for the
sameclass.

In the above definition,we assumehatthe problemof discriminatingclass: from
classj is identicalto the problemof discriminatingclassj from classi. Thisisthecase
if the baselearneris class-symmetricRule learningalgorithms however, neednot be
class-symmetricMary of themchooseoneof thetwo classessthe defaultclass,and
learnonly rulesto covertheotherclass.Iln suchacasex<i, j> and<j, i> maybetwo



differentclassificatiorproblemsjf j is usedasthe defaultclassin theformer, andsi is
usedasthedefaultclassin thelatter.

Ripper is suchan algorithm. Unlessspecifiedotherwise,it will treatthe larger
classof a 2-classproblemasthe defaultclassand learnrulesfor the smallerclass.
Althoughthis procedurés class-symmetri¢problem<si, j> is corvertedto <j, i> if
i > j), wefelt thatit would notbefair. For example thelargestclassin themulti-class
problemwouldbeusedasthedefaultclassin all roundrobin problems.Thismaybean
unfair advantage(or disadwantage)o this classt Onesolutionfor avoiding this, is to
play a so-calleddoubleroundrobin, in which separatelassifiersarelearnedfor both
problems<i, j> and<j, i>.?

Definition 3.2 (doubleround robin) Thedoubleroundrobinclassbinarizationtrans-
formsa c-classprobleminto ¢(c — 1) 2-classproblems,onefor ead pair of classes
<i,j> (i,j = ...c, j # i. Theexamplesof class: are usedasthe positiveexamples
andthe examplesf classj astheneggativeexamples.

In ourexperimentsyve usedRipper with theoption- agi ven asthebaseclassifief
which usesthe classesasgivenin the specification.Hence,< i, j> and< j,i> are
two differentproblemsandeachclassis the defaultclassin exactly half of its binary
classificatiorproblems.Note, thatthis procedurebasicallyis identicalto the onethat
is usedby Ripper if it is usedin unorderednodeon a 2-classproblem.

4 Accuracy

In this sectionwe will briefly presentanexperimentalevaluationof roundrobin bina-
rizationin arulelearningcontext. We choseRipper (Cohen1995)asthebaseclassifiey
which—in our view—is the mostadwancedalgorithm of the family of separate-and-
conquer(or covering)rule learningalgorithms(Furnkranz1997;1999).

The unorderedand orderedbinarization proceduresvere usedas implemented
within Ripper. The roundrobin binarizationwasimplementedas a wrapperaround
Ripper, which providedit with the appropriatdrainingsets.This wasimplementedn
per | andhadto communicatavith Ripper by writing thetrainingsetsto andreading
Ripper's resultsfrom thedisk. Thisimplementationis referredto asR® (RoundRobin
Ripper).

Table 1 shaws the 20 datasetsve usedin this study They werechosenarbitrar
ily amongdatasetsvith > 4 classesvailable at the UCI repository(Blake & Merz,
1998)3 The implementatiorof the algorithmwas developedindependentlyand not
tunedon thesedatasets.On the six setswith a dedicatedestset,we reportthe error

1The situationcanbe comparedo a chessplayerthat hasto play all of his gameswith the samecolor.
This canmakea decisve differenceandmayinvalidatethefinal resultof thetournament.

2Anotherwayto ensureafair competitionwhichis frequentlyusedn chesgournamentsis to assigrthe
colorsin a deterministiovay sothateachplayerhasanequalnumberof white andblackgamesn a single
roundrobintournamentThis couldalsobeadaptedor our problem.

STherestrictionto 4 or more classesvasmadebecaus@n 3-classproblems we would expectfrequent
3-wayties,which arenotyethandledvery cleverly. Theissueof tiesis discussedurtherbelow in the paper
(Section?).



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
Ir 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

Tablel: Datasetsused.Thefirst two columnsshav the trainingandtestsetsizes(as
specifiedin the descriptionof the datasets)the next threecolumnsshav the number
of symbolicandnumericattributesaswell asthe numberof classesThelastcolumn
shavsthe defaulterror, i.e., theerroronewould getby alwayspredictingthe majority
class.

rateon thesetestsets. On the other14 sets,we estimatedhe error rateusingpaired,
stratified 10-fold cross-alidations. For abalone satand vowel we performedboth a
testsetevaluationanda cross-alidation?

Theright half of Table4 shaws the accuracie®f Ripper (unorderecandordered)
andR?® onthesedatasetsOn half of the 20 sets(not countingthe cross-alidatedtrials
of the threesetsin the middle) R® is significantlybetter(p > 0.99 on a McNemar
test(Feelders® Verkooijen,1995))thanRipper’s defaultmode(orderedbinarization).
Thereareonly two sets(thyroid (repl.) andthetest-sewersionof vowel), whereR? is
worsethanRipper, both differencedeinginsignificant. The comparisorto unordered
Ripper is similar (thesignificancdevelsfor this casearenotshown).

We cansafelyconcludethatroundrobin binarizationmay resultin significantim-
provementsover orderedor unorderecdbinarizationwithout giving a high risk of de-
creasingperformance.

4For abaloneandsat this did not changethe results while for vowel the performancef all algorithms
increasedignificantly which mayindicatethatthe 528 examplesn the originaltraining setareinsuficient
for learningagoodconcept.SeeTable4.



C5 Ripper

dataset default boosted ratio | unord. ordered R?® ratio <
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 0375 =
vowel 61.47 57.58 0.937 | 64.94 53.25 53.46 1.004 =
abalongx-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 3458 25.70 0.743 ++
image 3.20 1.60 0.500 4.15 429 3.46 0.808 +
Ir spectrometeny 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 3.09 258 0.834 2.85 338 276 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 4.90 547 5.04 0921 =
soybean 9.66 6.59 0.682 8.79 8.79 6.30 0.717 ++
thyroid (hyper) 1.11 1.03 0.929 1.25 149 1.11 0749 +
thyroid (hypo) 0.58 0.32 0.545 0.64 0.56 053 0.955 =
thyroid (repl.) 0.72 0.90 1.259 1.17 098 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 1852 0.770 ||

Table2: Error rates Thefirst threecolumnsshow the errorratesof C5 andC5-boost
(all with defaultparametersandtheirratio (theimprovementateonegetsby switching
from C5 to C5-boost). Thenext threecolumnsshaw theresultsof Ripper (in unordered
andin default,orderedmode)andR?®. Thelasttwo columnsshav theimprovementate
of R? over Ripper (default),andwhetherR? is significantlybetter(++ if p > 0.99, + if
p > 0.95) betterthanRipper, measuredvith a McNemartest. Thelastline showvs the
averageof thecolumnsabore (thex-val versionsf abalonesatandvowel (middlepart
of thetable)wereignored).For theaccurag-basedcolumnsthismeasurés dominated
by afew high-errordatasetsyhichis thereasorwhy theratio of theaverageerrorsdoes
not matchthe givenvalue(whichis the averageof all ratios).

5 Round Robin Learning asan EnsembleMethod

Recently ensemblanethodshave receved considerablattentionwithin the machine
learningliterature(Dietterich,1997). The basicideais to obtaina diversesetof clas-
sifiers for a single learningproblem. Averagingthe predictionsof theseclassifiers
helpsto reducethevarianceandoftenincreasehe reliability of the predictions.There
are several techniquedor obtaininga diverseset of classifiers. The mostcommon
techniqueis to usesubsamplingo diversify the training setsasin bagging(Breiman,



1996) andboosting(Freund& Schapire 1996). Othertechniquesncludethe useof
differentfeaturesubsetqBay, 1999)or to exploit the randomnes®sf the basealgo-
rithms (Kolen & Pollack, 1991), possiblyby artificially randomizingtheir behaior
(Dietterich,2000). A third approactfor obtainingDietterichandBakiri (1995)inves-
tigatederrorcorrectingoutputcodesasaway of improving the predictive performance
of classifiers.

Roundrobin classificationmay also be interpretedas an ensemblenethods,and
its performancegain may be seenin this context. Obviously, the final predictionis
madeby exploiting the redundang provided by multiple models,eachof thembeing
constructedrom a subsebf the original data. However, contraryto subsamplingap-
proachesdike baggingandboosting thesedatasetsre constructedieterministically’
In thisrespecit sharesnoresimilaritieswith errorcorrectingoutputcodesput differs
from it throughthefixed procedurdor settingup thenew binaryproblemsandthefact
thateachof thenew problemds smallerthantheoriginal problem.In particularthelat-
ter factmay often causethe sub-problemén pairwiseclassificatiorto beconceptually
simplerthantheoriginal problem(asillustratedin Figurel).

If we comparetheimprovementsin accurag obtainedby R® over Ripper to those
obtainedby C5-boost over C5 onthesameproblemgshovnin theleft half of Table4),
we seethat the improvementratesare quite similar. Not only is the averageof the
improvementratiosalmostequal but theresultsontheindividual datasetalsoseento
correlatewith eachother Roundrobin binarizationseemso work wheneer boosting
works,andvice versa(see e.g,theresultson solarflareswherebothdon't work).

Figure2 plotstheerrorratiosof C5-boost/C5 andR?/Ripper onthe20datasetsThe
correlationcoeficientr? betweertheratioson thesedatasetss about0.618.Thisis in
the samerangeascorrelationcoeficientsfor baggingandboosting(Opitz & Maclin,
1999). There,it is also shovn that worse baselearnersproduceworse ensembles,
which may explain why R* doesnot quite level the performancef C5-boost. It might
be interestingto seewhetherC5’s performancecanbe “boosted”to a similar level as
C5-boost by usingroundrobin binarization,in particularbecausgaswe shall seein
the next section)the round robin approachis considerablymore efficient. We plan
to conductthis experimentin the nearfuture. We also plan to investigatewhether
additionaladditionalgainscanbe achiezed by usinga combinationof boostingand
binarization.However, dueto the correlationof theimprovementsachiered by thetwo
technigueswe would not expectthisto bethecase.

6 Efficiency

At first sight,it appearso beaquestionablédeato replaceO (c¢) binarylearningtasks
(unorderedbinarization)with O(c?) binary learningtasks(round robin binarization)
becausehe quadraticcompleity seemdo be prohibitive for taskswith morethana
few classesThis sectionwill illustratethatthisis notthecase.

5Boostingis alsodeterministidf the baselearneris ableto useweightedexample.Often, however, the
exampleweightsareinterpretedasprobabilitieswhich areusedfor drawingthe samplefor the nextboosting
iteration.
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Figure2: Error reductiongatiosof boosting(z-axis)vs. roundrobin (y-axis).

6.1 Theoretical Considerations

In thissectionwewill seethatalthoughroundrobinclassificatiorturnsasinglec-class
learningprobleminto ¢(c — 1) 2-classproblemsthetotal learningeffort is only linear
in the numberof classesandmay in somecircumstancegsven be smallerthanthe
effort neededor anunorderedinarization.Theanalysisn this sectionis independent
of thebasdearningalgorithmused.Someof theideashave alreadybeensketchedn a
shortparagrapiby Friedman(1996),but we gointo moredetailhere,and,in particulay
focuson thecomparisono corventionalclasshinarizationtechniques.

Definition 6.1 (classpenalty) If the baselearner hasa compleity growth function
f(n) (i.e,, thetime neededor a n-exampletraining setis f(rn)), and the total time
neededfor the classbinarizedproblemsis = (c) f(n), we call the functionz(c) the
classpenalty

Theclasspenaltyr(c) measureshe performancef analgorithmon a (classbina-
rized) c-classproblemrelative to its performancen a single2-classproblemof equal
size.

In the following, we will comparethe classpenalty, of a single round robin
classbinarizationto classpenaltyr, of anunorderedinarization.Notethatthe class
penaltyfor a doubleroundrobinis twice ashigh asthe classpenaltyof a singleround
robin. Also, unorderedinarizationis moreexpensve thanorderedbinarization but it
is simplerto analyzebecausét doesnot dependon the classdistribution. We would
estimatethatthe orderedapproachwill takeabouthalf of the trainingtime of the un-



orderedapproach. So,unlessnotedotherwisetheratio of the penaltyfunctionshasto
beadjustedy factorof 4 to gettheresultsof orderedinarizationversusdoubleround
robin binarization.

Lemma 6.2 Thetotal numberof training examplesproducedby the unordered class
binarizationis greaterthanthetotal numberof examplegproducedby a singleround
robin binarization(and more than half of the total numberof examplegproducedby a
doubleroundrobin binarization).

Proof: We assumea learningproblemwith ¢ classesand n examples. Eachclass
i (i =1...c) containsn; examples ;_, n; = n.

First, we considerthe unordereccase: Eachof the ¢ classess learnedusingall
examplesof the otherc — 1 classessthe negative examples.Thuswe have ¢ binary
learningtasks,eachof themusingthe entiretrainingset. Hence thelearnermrocesses
atotal of cn trainingexamples.

Now considera doubleroundrobin binarization:We have ¢(c — 1) problemsone
for eachpair of classes<i, > withi,j = 1...c¢,7 # j. Theproblemcorresponding
to the pair <z, j> hasn; + n; examples.Thusthetotalnumberof exampless

> Y (nitny) Do (nitny) =) (ni+ni)

i=1 j=1,j%#1 i=1 j=1 i=1

c

Z(cm +n)—2n=2n—2n=2(c—1)n

=1

As 2(c — 1)n < 2cn, the total numberof examplesis lessthantwice that of the
unorderedinarization.
The singleroundrobin binarizationuseseachpair of classeonly onceinsteadof
twice asin thedoubleroundrobin. Hencethetotalnumberof examplessonly (¢—1)n
whichis lessthanthecn for theunorderedtases. O

Thereis a moreintutitive proof for this fact: In the unorderedcclassbinarization,
eachexampleappearsn eachbinarytrainingtask,i.e., in ¢ tasks,resultingin a total
of en examples.In the (single)roundrobin binarization eachexampleappearsn only
¢ — 1 tasksnamelyin thosetaskswhereits classis pairedagainsoneof thec — 1 other
classes.

How doeghenumberof usedrainingexamplesnfluencethetrainingtime?Let us,
for the moment,assumehatwe have alineargrowth function’ f(n) = An, i.e.,if we

6Theorderedapproacthasonly ¢ — 1 binarytasks andthe numberof trainingexamplesiecreasewith
eachlearnedclass. Our empiricalresults(Section6.2) indicatethat for Ripper, the actualgainis lessthan
50%.

"We also assumethat the basealgorithm hasno constantoverheadwhich is, of course,a somevhat
questionablassumptionNotehowever, somesigificantoverheadostsike readingn thetrainingexamples
(and similar initialization steps)need,of course,only be performedonceif the roundrobin procedures
performedin memory(which is not the casefor ourimplementation).If thereis neverthelessn overhead

u to be consideredi.e., f(n) = An + u), the total costswill be increaseddy ﬂg;llg. Eventually
(with growing c), thesequadraticcostsmay be more expensie thanthe savings derived below, but under
reasonabl@ssumptionge.g.,c> < n) theseadditive costsshouldnot matter

10



doublethetraining setsize,the algorithmwill taketwice aslong. Thenthefollowing
theoremfollowstrivially from theabove lemma.

Theorem 6.3 %(% < 1 for algorithmswith a linear compleity f(n) = An.

Proof: Thecompleity of theroundrobinprocedurds }";_, Z;:L#i f(ni +ny).
A linear growth function with no constantoverheadis f(n) = An. Substitutingin
the abore formula and pulling out the A resultsin a compleity of A(c — 1)n. An

analogoudglerivation givesus a compleity of Acn for the unorderedcapproach.Thus
Tole) — o=l o, m

Tu(c) c

The obvious questionnow is: whathappensn the caseof algorithmsthathave a
supetlinear growth function,i.e., where f(n) = n° for someo > 1? Notethatfor
suchfunctionsf(n1) + f(n2) < f(n1 + n2) holds(n1,na > 0).8 This meansthat
performinga single learningtaskon a training setof sizen is more expensve than
performingseveraltrainingtaskson setsof sizen; where;_, n; = n. Thisleadsus
to thefollowing

Proposition 6.4 The class penaltyratio :—((Cc)) of the round robin binarization over
the unomered binarization deceaseswith increasingorder of growth o of the base
algorithm’sgrowthfunction f(n) = n°. Likewise,it deceaseswith increasingnumber

of classes: for a fixedgrowthfunctionwith ordero > 1.

Unfortunatelywe did not manageo find a strictformal prooffor this proposition.
However, asm, < m, in the linear case(Theorem6.3), and supetlinear functions
penalizelargertrainingsetsmoreheaily thansmallertrainingsets(>” n? < (3 n;)°
for o > 1), it seemsto be evident that the smallertraining setsof the round robin
binarizationwill be penalizedessby a moreexpensve algorithmthanthe larger sets
of thecorventionalorderedor unorderedinarization.This effect shouldbeclearerfor
moreclassesandfor growth functionsof higherorderso.

As anillustration,however, it is easyto proofthefollowing specialcase:

Theorem 6.5 Proposition6.4 holdsfor problemswith a uniformclassdistribution.

Proof: In the(single)roundrobin casewe have (;(02__1) problemswith 22 examples
each.Hencethetotal compleity is

cle=1); (o) _ sle=1) () oy (3)_ f(n)

andthe penaltyfunction, (c) = (¢ — 1)(2)°~!. As for multi-classproblems? < 1,
(2)°~! decreasewith increasing.

On the otherhand,the unorderedclassbinarizationtransformsthe c-classprob-
lem into ¢ 2-classproblems eachof which hasthe compleity f(n). Henceits class

8Thisis easyto seefor integervaluesof o becaus¢hetermontheleft-handsidecontainsonly all “pure”
powersandleavesout all termsthat containpowersof bothn; andn.
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penaltyr, (¢) = ¢ is constanfwith respecto o). As the numeratoiof theratio %(%
decreasewith increasing andits denominatoremainsconstanttheratio decreases
with increasing.

Likewise, 7, (c) = c grows linearly with ¢, while . (c) = (¢ — 1)(2)°~! grows
sub-linearlybecausehe factor (2)°~! decreasewith increasing: for o > 1. Hence

theratio %(% decreasewith increasing: for aconstanb > 1. O

Notethatthis theoremimpliesthatfor sufiiciently high ¢ and/oro eventhedouble
roundrobin will be fasterthanthe orderedbinarization. Assume,e.g.,an algorithm
with a quadarticcompleity on an eight-classproblem(i.e., o = 2 andc = 8), the
penaltyratio

mr(c) (c— 1)(%)0_1 '7(%)1 7

mu(c) o c -8 T 32 <

%]
N

Thus,underthesecircumstancegshesingleroundrobinis morethanfour timesfaster
thantheunorderedpproachConsideringhatthe doubleroundrobinis twice asslow,
andassuminghatthe orderedapproachs twice asfastastheunorderedpproach{see
thefollowing sectionfor empiricalvaluesonthat),a doubleroundrobinwouldbefaster
thanthe orderedapproach.In the following section,this scenariowill be empirically
evaluated.

6.2 Empirical Evaluation

Contraryto the theoreticalanalysisin the previous section,wherewe focussedn the
lenientcaseof pairingunorderedinarizationvs. singleroundrobin, our empiricalre-
sultsshaw the performancef orderedbinarization(Ripper’s defaultmode)vs. double
roundrobinbinarization.This,aswe have notedabore, is theworstcase In thecaseof
alinearalgorithmcompleity, the roundrobin shouldbe aboutfour timesslower than
theorderedbinarization.

Theright half of Table6.2 shavs thetrainingtimes in CPU secsusertime (mea-
suredon a SparcUltra-2 underSun Solaris)of R? andits performanceatiosagainst
Ripper in unorderecandorderedmode. On average;t is about2.6 timesslower than
Ripper in unorderedmode,and about4 timesslower thanRipper in default,ordered
mode. Conincidentally thesenumbersalsoshaw thatthe orderedmodeis lessthan
twice asfastasthe unorderednode,which confirmsthe assumptionsve madeat the
beginning of Section6.1.

The left half of Table 6.2 shavs the run-timesof C5 andtheir ratios againstCs-
boostin defaultoperation. C5-boost is about8.75timesas slow asC5, which corre-
sponddairly well to thefactorof 10 thatcanbe expectedfrom the fact that C5-boost
performs10 iterationsof basicCs. In all casesut one(solarflares(c)), R® is more
efficientin comparisorto Ripper thanC5-boost is in comparisorto C5.

Moreover, thereareseveral casesvhereR?® is evenfasterthanRipper in unordered
modeandcomescloseto Ripper in orderedmode. This is despitethe fact thatR® is

SClassificatiortime is only includedin therunsthathadaseparatéestset. In generaljt canbeexpected
to bemoreexpensiefor R*. SeeSection7 for abrief discussiorof thisissue.
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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 0.85 151
shuttle 35.98 5.67 | 277.0 2.10 3.16
vowel 2.66 9.50 14.0 1.83 4.75
abalongx-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
Ir 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 shaw the run-times(in CPU secs.user
time) of C5-boost andR?. Thefollowing columnsshaw theratio of C5-boost over C5
(col. 3) andR?® over unorderedcol. 5) andordered(col. 6) Ripper. Thefirst five lines
aretotal run-times,i.e., training andtesttime, while the cross-alidatedresultsreport
trainingtime only. We failedto measuregherun-timesfor thecovertypedataset,where
the situationwascomplicatecbecausef the large testset,which hadto be split into
several piecesfor the Ripper-basedalgorithms. Thelastline shovs the averageof the
17 cross-alidateddatasets.

implementedasaper | -scriptthatcommunicate$o Ripper by writing thetrainingand
testsetsof thenew taskgo thedisk. Althoughthisis somaevhatcompensatelly thefact
that we only reportusertime (which ignorestime for disk accessandsystemtime),1°
atight integrationof roundrobin binarizationinto Ripper’'s C-codewould certainlybe
moreefficient.

The good performanceof R? doesnot comeentirely surprising,if we consider
the supetlinear run-time compleity of Ripper.!! For more expensie baselearning

10For example on the 26-clasdetter datasetwhereR® writes 26 x 25 = 650 files to the disk, its total
run-timeis about15%higherthanthereportedusertime, while thereis almostno differencefor Ripper.

1 The complexityof Ripper'sinitial rule learningandpruningphases O (n log? (n)) (Firnkranz& Wid-
mer, 1994; Cohen,1995). The two phase®f optimizationthat Ripper performsthereafteronly adda con-
stantfactorto theseresultsaccordingto the experimentabvidenceshowvn in (Cohen,1995). However, in
very large domains like text domains,our own experiences that thesetwo optimizationphasesanslow
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algorithms(like supportvectormachines)the analysisin the previous sectionlets us
expectevenbiggersavings.

7 Other Issues

In the following, we briefly discussurtherimportantaspect®f roundrobin binariza-
tion.

Parallel Implementations: It shouldbenotedthat—contranto boostingwherethe
individualrunsdependn eachotherandhaveto beperformedn succession—pairwise
classificatiorcanbeentirelyparallelizedasalreadynotedby Friedman(1996)andLu
andlto (1999)). As eachbinary taskwill be smallerthanthe original task, the total
training time of a mutli-classproblemof sizen will be significantlybelov thatof a
binary problemof the samesize,if eachbinary classifiercanbe trainedon a separate
processar

Memory Requirements: It is alsoclearthateachindividual binarytaskin around-
robin binarizationhaslesstraining examplesthanthe original tasks. For multi-class
tasksthataretoolargeto beperformedn memory pairwiseclassificatiormayprovide
asimplemeando reducehesizeof thelearningtaskwithoutresortingto subsampling.
Notethatthisis notthe casefor unordereclasshinarizationor errorcorrectingoutput
codes.

Imbalanced ClassDistrib utions:  Althoughwe have notyetevaluatedhisissue we
alsobelieve thatroundrobin binarizationis ableto betterfocuson minority classesin
particularin problemswvhereseverallargeclassesppeanext to afew smallclassesin
particularthefact thatseparatelassifiersaretrainedto discriminatethe smallclasses
from eachother(andnot only from all remainingexamplesaswould be the casefor
unorderedinarizationor for treatingthe multi-classproblemasawhole) mayhelpto
improve thefocusin the caseof imbalancedlassdistributions.

Classification Efficiency: Our efficieng/ analysisis only concernedwith training
time. At testingtime, we have to testa quadratimumberof classifiersn orderto make
thefinal prediction. Althoughit might be the casethatthe constituentlassifiersare
simpler (which often meanghatthey can makefasterpredictions)it canbe expected
thatclassificatiortime would beconsiderablglowerthanin theunorderedinarization
case. This situationis particularly bad for lazy learners,which defer mostof their
trainingeffort to the classificatiorphase.

To copewith suchsituation,we could oncemoretakea look a sportsand game
tournamentswhere similar problemsarise when the numberof participantsin the
tournamenpreventsa roundrobin. Thefrequentlyusedknock-outtournamen{where
playersarepairedrandomlyandonly thewinneradwancesnto the next round)seems

down thealgorithmconsiderablyandseenmto dominatethe run-time(but we have not performeda thorough
analysisof thisissue).
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to bevery brittle. An interestingalternative might be provided by swisssystemtour-
namentswhich arefrequentlyusedin chesswhereall playersplay a fixed numberof
rounds.Thetrick is thatin eachroundplayersof aboutequalstrength(approximately
equalrankingin thetournamentarepairedagainseachother Suchschemesouldim-
prove classificatiortime for problemswith very high numbersof classesin particular
if classificatioris very expensve (like with lazy learners).

Tie Breaking: We have mostlyignoredtheissueof tie-breakingwhichis necessary
whenseveral classeshave an equalnumberof wins againstother classes.In partic-
ular for alow numberof classesties aremorelikely because¢he ensemblés much
smaller(which wasthe reasonwhy we restrictedour studyto problemswith at least
four classes)Our straight-forwardapproactof usingthea priori morelikely classcan
certainlybeimproved upon. In additionto techniqueknown from the literature(see,
e.g.,(Hastie& Tibshirani,1998; Allwein et al., 2000)),one could againthink of ex-
ploring techniqueshatarecommonlyusedfor breakingtiesin tournamentrosstables
in gamesandsports(suchasthe Sonneborn-Bererrankingin chesgournaments).

Comprehensibility: While boostingalsoprovidessimilargainsin accurag, theprice
to payis thatthe learnedensembleof classifiersis no longereasyto comprehend?
While roundrobin rule learningalsolearnsan ensembleof classifierswe think that
it hasthe advantagethat eachelementof the ensembléhasa well-definedsemantics
(separatingwo classedrom eachother). In fact, Pyle (1999) proposesa very simi-
lar techniquecalledpairwiserankingin orderto facilitate humandecision-makingn
rankingproblems.Thebasicclaimis thatit is easieffor ahumanto determineanorder
betweem itemsif onemakespairwisecomparisondetweertheindividualitemsand
thenaddingup thewins for eachitem insteadof trying to ordertheitemsright avay3

8 RelatedWork

Pairwise classificationvasintroducedto the machinelearningliteratureby Friedman
(1996) but the ideaseemsto have beenknown for sometime!* Friedmanproposes
the basicarchitectureand evaluateswo versionsof CART (Breimanetal., 1984)and
a nearesneighboralgorithmon 50 randomlygenerategroblems. He obsered im-
provementdor the CART versionwhich usesa linearfunctionfor splitting anodeand
for thenearesheighborrule. For CART with axisparallelsplits,the performancef the

12An exceptionmight be a systemlike Slipper (Cohen& Singer 1999)which tightly integratesoosting
into therule learningalgorithmwith the effect thatonly a singlesetof rulesis learnedandthe redundancy
amongtheserulesis exploitedto obtainhigheraccuracies.A direct comparisorbetweenSlipper and R?
wouldbeveryinterestingnotonly for thisreason.

13Theaspecbf beingableto ranktheavailableclassificationgor eachexamplgasanintermediateersion
betweerpedictingonly aclassvalueandprovidingafull probabilitydistribution)is anotheiinterestingaspect
of roundrobin binarizationwhich might be worth exploringin moredepth.

14For example Witten and Frank (2000)independentlyeferto it on p. 113 asan alternatve technique
for makinglinearregressiorapplicableto multiclassproblems. However, they do not give a sourceor an
evaluationof theapproach.
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pairwiseclasshinarizationwassimilar to thatof the standardechniques.The author
alsoprovideda brief discussiorof thecompleity of theapproach.

HastieandTibshirani(1998)pickedup thetechniqueandintroducecdpairwisecou-
pling, a tie-breakingtechniquewhich combinesthe classprobability estimatedrom
the binary classifiersinto a joint probability distribution for the multi-classproblem.
They also suggestedhe useof this techniquefor supportvector machineswhereit
subsequentlgainedsomepopularity For example,KreRel (1999) evaluatedit on a
handwritterdigit classificatiorproblem.His resultsdid notshow aconsistenimprove-
mentof theerrorrates(on only two datasets)yut the pairwiseapproachoutperformed
the unorderedvinarizationtechniquen termsof efficiengy. This performancegainis
explainedby our theoreticakonsiderationgSection6.1). Pairwisesupportvectorma-
chineswere also appliedto the problemof speaketidentification(Schmidt& Gish,
1996;Schmidt,1996).

Angulo andCatah (2000)suggesh relatedtechniquevheremulti-classproblems
aremappedo 3-classproblems.Like with pairwiseclassificationtheideais to gen-
erateonetrainingsetfor eachpair of classeshut in additionto encodingthetwo class
valueswith targetvalues+1 and—1, examplesof all otherclassesareaddedwith a
targetvalueof 0, which seemdo give up someof the advantageshat resultfrom the
reductionof the training setsizeson the binary problems. We are not aware of an
empiricalevaluationof theirapproach.

Classbinarizationtechniquesverealsoinvestigatedn the neuralnetworkscom-
munity. The motivation wasthatit is sometimedetterto have a modularnetwork,
i.e.,anetworkthatconsistof severalindependentlyrainedsub-networkshatarecon-
cernedwith differentaspect®f the problem,thana singleneuralnetworkwith mary
outputnodeswhichusuallyrequiresalargehiddenlayerandsignificanttrainingtimes.
UnorderedAnandetal., 1995)andpairwise(Lu & Ito, 1999)binarizationtechniques
have beeninvestigated.

Error-correctingoutputcodeqDietterich& Bakiri, 1995)area popularandpower-
ful generaklassbinarizationtechnique.The basicideais to encodea c-classproblem
ase binaryproblemge > ¢), whereeachbinaryproblemusesa subsebf theclassess
the positive classandthe remainingclassesisa negative class.It maythusbe viewed
asageneralizatiomf unorderedinarizationwhereonly singleclassesreusedaspos-
itive examples. As a consequencegachoriginal classis encodedasa ¢-dimensional
binary vector onedimensionfor eachpredictionof a binary problem.New examples
areclassifiedby determiningthe binary vectorthatis closesto the binary vectorob-
tainedby submittingthe exampleto the ¢ classifiers.If the new classesrechosenn
away thatthedistancebetweerthe classvectorsis large,thereliability of the classifi-
cationcanbe significantlyincreasedError-correctingoutputcodescanalsobe easily
parallelized pbut eachsubtaskequireshetotal trainingset.As thenumberof required
binary problemsis > ¢ for a c-classproblems,its penaltyfunction 7., > ¢, i.e.,
pairwiseandunorderedinarizationaremoreefficient.

Most recently Allwein etal. (2000)provide a unifying view of variousclassbi-
narizationtechniquesand derive sometheoreticalerror bounds. They alsoprovide a
thoroughexperimentaktudyof five differentclassbinarizationschemesvith threedif-
ferenttechniquedor combiningthe predictionsof the binary classifiers.Their results
shavedthatfor supportvectormachineghe unorderedinarizationtechniques infe-
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rior to othertechniquesncluding pairwiseclassification.Amongthe alternaties,no
clearwinneremeged. However, for boosteddecisiontrees,no consistendifference
betweenthe methodscould be found (including unorderedbinarization). This opens
the question,whethera combinationof boostingand classbinarizationmay increase
the performancef eithermethod.In our study thesimilar performancémprovements
obtainedby boostingand classbinarizationseemto suggesthat althoughboth tech-
niguesoperateon differentprinciples,their effect seemdo be quite similar, andit is
doubtfulthattheircombinatiorwill resultin additionalperformanceains.In thereign
of rulelearning,this questiorcouldbe answeredy a comparisorof Slipper (asucces-
sorof Ripper thatusesboostedule sets(Cohen& Singer 1999))to classhinarization.
Alternatively, we planto evaluateroundrobin binarizationfor C5 andC5-boost.

Finally, we notetherelationof theapproacho comparisortraining(Tesauro1989;
Utgoff & Clouse,1991), which was proposedas a training procedurein evaluation
function learning. In this framavork, the learneris not trainedwith the targetvalues
of the evaluationfunctionin certainstatesput insteadis trainedon statepairswhere
the preferredstateis marked.Thus,this training procedurds somavherebetweersu-
pervisedearning(whereit is trainedon thetarget values)andreinforcementearning
(whereit only receves indirect feedbackaboutthe value of states). Tesauro(1989)
demonstrated particularlyinterestingechniquewherehe enforceda symmetricneu-
ral networkarchitectureandshavedthatwith this architecturehe only hasto perform
n network evaluationsto determinethe bestof n» moves. It is an interestingopen
guestion,whethera similar techniquecould be employedfor speedingup pairwise
classification.

9 Summary and Outlook

This paperhasinvestigatedhe useof roundrobin binarization(or pairwiseclassifica-
tion) asatechniquefor handlingmulti-classproblemswith separate-and-conquerie
learningalgorithms(akacovering algorithms).Our experimentalresultsshav that,in
comparisonto corventional, orderedor unorderedbinarization,the roundrobin ap-
proachmayyield significantgainsin accurag withoutriskingabadperformanceThe
performancemprovementseemso besimilarto thatachiezableby boosting although
athoroughinvestigationof this issueis still pending. We think thatthe reasorfor its
goodperformancdies on the onehandin the exploitation of diversepredictionsin an
ensembleof classifiersand,onthe otherhand,in the factthattheseclassifieranaybe
conceptuallysimplerand can be learnedmore reliably (Figure 1(c)). Moreover, we
demonstratetioth empirically andtheoreticallythatthe quadratiogrowth in the num-
ber of learningproblemsis compensatefly the reductionin sizefor eachof theindi-
vidual problems For algorithmswith a supeflinearrun-time,roundrobinbinarization
may even be fasterthanthe unorderedor orderedtechniqueghat are corventionally
usedin rulelearning.

Thereareseveralissueghatstill needio beaddressedrirst, we wantto investigate
whetherthecorrelationin the performanceainsof boostingandroundrobin binariza-
tion prohibitsan effective combinationof thesetwo techniques.To this end,we plan
to evaluateroundrobin binarizationusing C5 and C5-boost as baselearners. Alter-
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natively, a directcomparisorof R® to Slipper (Cohen& Singer 1999)could provide
evidenceto answetthis question.

The main disadwantageof the approachpf course,is its dependencon the num-
ber of classesMore classegesultin a biggerensemblavhich shouldproducebetter
predictions.In particularin thelimiting casewhereonly two or threeclassesreavail-
able,thebenefitsshouldberathersmall. This trade-of alsoneeddo beinvestigatedn
moredetail.

Finally, a tight formal proof of Proposition6.4 would closethe gapin our theo-
reticalargumentation(however, we think thatour informal agumentatiorsupportsts
validity). Likewise, an efficient, tight integrationof roundrobin binarizationinto the
Ripper rule learningalgorithmwould be highly desirablein orderto facilitate a fair
empiricalevaluationof theeffieng/ of theapproach.
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