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Abstract. In an earlierpaper we introduceda new 2boosting®
algorithmcalled AdaBoostwhich, theoretically can be usedto
signi®cantlyreducethe errorof ary learningalgorithmthat con-
sistentlygenerateslassi®ersvhoseperformancas a little better
thanrandomguessingWe alsointroducedherelatednotionof a
apseudo-lossWwhichis amethodfor forcing alearningalgorithm
of multi-labelconcepts$o concentratenthelabelsthatarehardest
to discriminate.In this paperwe describeexperimentsve carried
out to assesfiow well AdaBoost with andwithout pseudo-loss,
performson reallearningproblems.

We performedwo setsof experiments The®rstsetcompared
boostingto Breimans 2bagging®methodwhenusedto aggreate
variousclassi®ergincluding decisiontreesand single attribute-
valuetests). We comparedhe performanceof the two methods
on a collectionof machine-learnindgpenchmarks.In the second
setof experimentswe studiedin moredetailthe performancef
boostingusinga nearest-neighbarassi®eon anOCR problem.

1 INTRODUCTION

aBoosting®is a generalmethodfor improving the perfor
manceof ary learningalgorithm.In theory boostingcanbe
usedo signi®cantlyeduceheerrorof ary 2weak®learning
algorithmthatconsistentiygenerateslassi®erahich need
only be a little bit betterthanrandomguessing. Despite
the potentialbene®t®f boostingpromisedby the theoret-
ical results,the true practicalvalue of boostingcan only
beassesseby testingthemethodon realmachindearning
problems. In this paper we presentsuchan experimental
assessmerf a nen boostingalgorithmcalledAdaBoost
Boostingworks by repeatedlyrunning a given weak!
learningalgorithmon variousdistributionsover the train-
ing data,and then combiningthe classi®erproducedby
the weak learnerinto a single compositeclassi®er The
®rstprovably effective boostingalgorithmswerepresented
by Schapire[20] and Freund[9]. More recently we de-
scribedand analyzedAdaBoost andwe arguedthat this
new boostingalgorithmhascertainpropertiesvhich make
it more practicaland easierto implementthanits prede-
cessorq1Q]. This algorithm, which we usedin all our
experimentsijs describedn detailin Section2.

Homepage2http://www.research.att.comfgs/ssr/peple/uid®.

Expectedo changeto http://www.research.att.com/Auig®me-
timein thenearfuture(for uid  yoav, schapire).

We usethe termaweake learningalgorithm,eventhough,in
practice pboostingmight becombinedwith a quitestronglearning
algorithmsuchasC4.5.

This paperdescribedwo distinct setsof experiments.
In the ®rstsetof experimentsdescribedn Section3, we
comparedboostingto 2bagging? a methoddescribedby
Breiman[1] whichworksin thesamegenerafashion(i.e.,
by repeatedlyrerunninga given weaklearningalgorithm,
and combiningthe computedclassi®ers)but which con-
structseachdistributionin asimplermanner (Detailsgiven
belon.) We comparedoostingwith baggingbecausédoth
methodswork by combiningmary classi®ers.This com-
parisonallows us to separateout the effect of modifying
thedistribution oneachround(whichis donedifferentlyby
eachalgorithm)fromtheeffectof votingmultipleclassi®ers
(whichis donethe sameby each).

In our experimentswe comparecdboostingto bagging
using a numberof differentweak learningalgorithmsof
varying levels of sophistication. Theseinclude: (1) an
algorithm that searchedor very simple predictionrules
whichtestonasingleattribute(similarto Holte'svery sim-
ple classi®cationules[14]); (2) analgorithmthatsearches
for a singlegooddecisionrule thattestson a conjunction
of attribute tests(similar in "avor to the rule-formation
partof Cohens RIPPERalgorithm[3] and Férnkranzand
Widmer's IREP algorithm[11]); and (3) Quinlan's C4.5
decision-trealgorithm[18]. Wetestedhesealgorithmson
acollectionof 27 benchmarkearningproblemsakenfrom
the UCI repository

The main conclusionof our experimentss thatboost-
ing performssigni®cantlyand uniformly betterthanbag-
ging when the weak learning algorithm generatedairly
simple classi®ergalgorithms(1) and (2) abore). When
combinedwith C4.5, boostingstill seemsto outperform
baggingslightly, but theresultsarelesscompelling.

We alsofoundthatboostingcanbeusedwith very sim-
plerules(algorithm(1))to constuctclassi®erthatarequite
goodrelative,say to C4.5. KearnandMansou{16] argue
that C4.5 canitself be viewed asa kind of boostingalgo-
rithm, soa comparisorof AdaBoostandC4.5canbeseen
asacomparisorof two competinghoostingalgorithms.See
Dietterich,KearnsandMansours paper{4] for moredetail
onthis point.

In the secondset of experiments,we testthe perfor
manceof boostingonanearesheighborclassi®efor hand-
written digit recognition. In this casethe weaklearning
algorithmis very simple,andthisletsusgainsomeinsight
into theinteractionbetweerthe boostingalgorithmandthe



nearesheighborclassi®er We show that the boostingal-
gorithm is an effective way for ®ndinga small subsetof
prototypeghatperformsalmostaswell asthecompleteset.
We also show thatit comparedavorably to the standard
methodof CondensetllearestNeighbor{13] in termsof its
testerror

Thereseento betwo separateeasondor theimprove-
mentin performancehatis achieved by boosting.The®rst
andbetterunderstooe@ffectof boostingsthatit generatea
hypothesisvhoseerroronthetrainingsetis smallby com-
bining mary hypothesewhoseerrormaybelarge (but still
betterthanrandonmguessing)lt seemshatboostingnaybe
helpfulonlearningproblemshaving eitherof thefollowing
two properties. The ®rstproperty which holds for mary
real-worldproblemsjs thatthe obsered examplestendto
have varyingdegreesof hardnessFor suchproblemsthe
boostingalgorithmtendsto generatealistributionsthatcon-
centrateonthe harderexamplesthuschallengingheweak
learningalgorithmto performwell ontheseharderpartsof
the samplespace.Thesecondpropertyis thatthelearning
algorithmbe sensitve to changesn the trainingexamples
sothatsigni®cantlydifferenthypothesesregeneratedor
differenttraining sets. In this sensepoostingis similar to
Breimansbagging1] which performsbestwhentheweak
learnerexhibits suchPunstable®ehaior. However, unlike
bagging,boostingtries actively to forcethe weaklearning
algorithmto changeits hypothese®y changingthe distri-
butionoverthetrainingexamplesasafunctionof theerrors
madeby previously generatedhypotheses.

Thesecondeffectof boostinghasto dowith variancee-
duction. Intuitively, taking a weightedmajority over mary
hypothesesall of whichweretrainedon differentsamples
takenout of the sametraining set, hasthe effect of re-
ducingtherandomvariability of the combinedhypothesis.
Thus like bagging boostingmayhave theeffectof produc-
ing a combinedhypothesisvhosevarianceis signi®cantly
lower thanthoseproducedby the weaklearner However,
unlike bagging,boostingmay alsoreducethe bias of the
learningalgorithm,asdiscusse@bore. (SeeKongandDi-
etterich[17] for furtherdiscussiorof thebiasandvariance
reducingeffects of voting multiple hypothesesaswell as
Breimans [2] very recentwork comparingboostingand
baggingin termsof their effectson biasandvariance.)In
our ®rstsetof experimentsye compareboostingandbag-
ging,andtry to usethatcomparisorto separatéetweerthe
biasandvariancereducingeffectsof boosting.

Previous work. Drucker Schapireand Simard[8, 7]
performedhe®rstexperimentaisingaboostingalgorithm.
They usedSchapires[20] originalboostingalgorithmcom-
bined with a neural net for an OCR problem. Follow-
up comparisongo otherensemblanethodswere doneby
Druckeretal. [6]. More recently Druckerand Cortes[5]
usedAdaBoostwith a decision-trealgorithmfor anOCR
task. Jacksonand Craven [15] used AdaBoost to learn
classi®ersepresentelly sparseerceptronsandtestedhe
algorithmon a setof benchmarks.Finally, Quinlan[19]
recentlyconductednindependentomparisorof boosting
and baggingcombinedwith C4.5 on a collectionof UCI
benchmarks.

Algorithm AdaBoost.M1
Input: sequencef examples 1 1
with labels 1
weaklearningalgorithmWeakLearn

integer specifyingnumberof iterations
Initialize 1 1 forall .
Do for 12

1. Call WeakLearn; providing it with thedistribution
2. Getbackahypothesis .

3. Calculatetheerrorof

1 ahdabortloop.

If 1 2,thenset
4. Set 1 .
5. Updatedistribution
if
! 1  otherwise
where is anormalizationconstanfchosersothat 1

will beadistribution).
Output the®nalhypothesis:

1
arg max log —

Figurel: ThealgorithmAdaBoost.M1
2 THE BOOSTING ALGORITHM

In this section,we describeour boostingalgorithm,called
AdaBoost Seeourearlierpapel10] for moredetailsabout
thealgorithmandits theoreticaproperties.

We describetwo versionsof the algorithmwhich we
denoteAdaBoost.M1 and AdaBoost.M2 The two ver
sionsareequialentfor binary classi®catioproblemsand
differ only in their handlingof problemswith more than
two classes.

2.1 ADABOOST.M1

We beagin with the simplerversion, AdaBoost.M1 The
boostingalgorithmtakesasinputatrainingsetof — exam-

ples 101 where is aninstance
dravn from somespace andrepresenteéh someman-
ner (typically, a vectorof attribute values),and is

the classlabel associatedvith In this paper we al-
waysassumehat the setof possiblelabels is of ®nite
cardinality .

In addition theboostingalgorithmhasaccess$o another
unspeci®edearning algorithm, called the weak learning
algorithm, which is denotedgenericallyas WeakLeam.
The boostingalgorithm calls WeakLeam repeatedlyin
a seriesof rounds. On round , the boosterprovides
WeakLeam with a distribution over the training set

. In responseWeaklLeam computesa classi®epr hy-
pothesis which should correctly classify
a fraction of the training set that has large probability
with respectto That is, the weak learners goal is
to ®ndahypothesis whichminimizesthe (training)error

Pr . Notethatthiserroris measured
with respecto thedistribution  thatwasprovidedto the
weaklearner Thisprocessontinuedor rounds,and,at
last,the boosterrombinegheweakhypotheses ;
into a single®nalhypothesis



Algorithm AdaBoost.M2
Input: sequencef examples 1 1
with labels 1
weaklearningalgorithmWeakLearn

integer specifyingnumberof iterations
Let : 1
Initialize 1 1 for
Do for 12

1. CallWeakLearn, providingit with mislabelistribution
2. Getbackahypothesis 01.
3. Calculatehepseudo-lossf

1
5 1
4. Set 1
5. Update
121
. -
where is anormalizationconstantchosersothat 1

will beadistribution).
Output the®nalhypothesis:

1
@n arg max log —

1

Figure2: ThealgorithmAdaBoost.M2

Still unspeci®edre: (1) the mannerin which is
computedon eachround, and (2) how is computed.
Differentboostingschemesnswerthesetwo questionsn
differentways. AdaBoost.M1 usesthe simplerule shavn
in Figurel. Theinitial distribution 1 isuniformover so

1 1 forall . Tocomputedistribution 1 from

andthelastweakhypothesis , we multiply theweight
of example by somenumber 01 if classi®es
correctly andotherwisethe weightis left unchangedThe
weightsarethenrenormalizedy dividing by the normal-
izationconstant . Effectively, 2easy® examplesthatare
correctlyclassi®edy mary of the previousweakhypothe-
segyetlowerweight,and®hard® examplesvhichtendoften
to bemisclassi®edethigherweight. Thus,AdaBoostfo-
cuseghe mostweighton the exampleswhich seemto be
hardesfor WeakLeam.

Thenumber is computedasshavn in the ®gureasa
functionof . The®nalhypothesis is aweightedvote
(i.e., aweightedlinearthreshold)of the weakhypotheses.
Thatis, for agiveninstance , outputsthelabel that
maximizeshe sumof the weightsof the weakhypotheses
predictingthatlabel. Theweightof hypothesis isde®ned
tobelog 1 sothatgreatemveightis givento hypotheses
with lower error.

TheimportantheoreticapropertyaboutAdaBoost.M1
is statedn thefollowing theorem.Thistheoremshavsthat
if theweakhypothesesonsistentlyhave erroronly slightly
bettethanl 2,thenthetrainingerrorof the®nahypathesis

dropsto zeroexponentiallyfast. For binary classi®-
cationproblemsthis meanghattheweakhypotheseseed
be only slightly betterthanrandom.

Theorem 1 ([10]) Supposethe weak learning algorithm
WeakLeam, whencalledby AdaBoost.M1, geneateshy-
potheseswith errors ; , whee is asde®nedn
Figure 1. Assumesad 1 2, andlet 12

Thenthe following upperboundholdson the error of the
®nalhypothesis @n

®n 1

1 1

Theoreml impliesthatthe training error of the ®nalhy-
pothesisgeneratedy AdaBoost.M1is small. This does
not necessarilymply thatthetesterroris small. However,
if theweakhypotheseare®simple®and 2not too large?
thenthedifferencebetweerthetrainingandtesterrorscan
alsobetheoreticallypboundedseeourearlierpapef10] for
moreon this subject).

Theexperimentsn this papelindicatethatthetheoreti-
calboundonthetrainingerroris oftenweak,but generally
correctqualitatvely. However, the testerror tendsto be
much betterthan the theory would suggest,ndicating a
cleardefectin ourtheoreticaunderstanding.

The main disadwantageof AdaBoost.M1 is that it is
unableto handleweakhypothesesvith error greaterthan
1 2. The expectederror of a hypothesisvhich randomly
guesseghelabelis1 1 , where is the numberof
possibldabels.Thus,for 2,theweakhypothesegseed
to be just slightly betterthanrandomguessingput when

2, the requirementhat the error be lessthan1 2 is
quitestrongandmay oftenbe hardto meet.

2.2 ADABOOST.M2

The secondversion of AdaBoost attemptsto overcome
thisdif®cultyby extendingthecommunicatiorbetweerthe
boostingalgorithmandthe weaklearner First, we allow
the weak learnerto generatemore expressve hypotheses,
which, ratherthanidentifying a singlelabelin , instead
choose setof @plausible®labels.This mayoftenbeeasier
than choosingjust one label. For instance,in an OCR
setting,it may be hardto tell if a particularimageis 27°
or a29°, but easyto eliminateall of the otherpossibilities.
In this case,ratherthan choosingbetween?7 and 9, the
hypothesiamay outputthe set 7 9 indicatingthat both
labelsareplausible.

We alsoallow theweaklearnerto indicatea 2degreeof

plausibility® Thus,eachweakhypothesi©utputsa vector
0 1 , wherethe componentswvith valuescloseto 1 or
0 correspondo thoselabelsconsideredo be plausibleor
implausible respectrely. Notethatthisvectorof valuesis
not a probabilityvector i.e.,thecomponentsieednot sum
to one?

While we give the weak learningalgorithmmore ex-
pressie power, we alsoplacea morecomple requirement
on the performanceof the weak hypotheses Ratherthan
usingthe usualpredictionerror, we askthatthe weakhy-
potheseslo well with respecto a moresophisticate@rror
measurehatwe call thepseudo-lossUnlike ordinaryerror
whichis computedvith respecto adistributionover exam-
ples,pseudo-losgs computedvith respecto adistribution

2We deliberatelyusethe term aplausible® ratherthan@prob-
able® to emphasizethe fact that thesenumbersshould not be
interpretechsthe probabilityof a givenlabel.



over the setof all pairsof examplesandincorrectlabels.
By manipulatingthis distribution, the boostingalgorithm
canfocustheweaklearnemotonly on hard-to-classifyex-
amples,but more speci®callyon the incorrectlabelsthat
arehardesto discriminate. We will seethatthe boosting
algorithm AdaBoost.M2, which is basedon theseideas,
achievesboostingif eachweakhypothesihaspseudo-loss
slightly betterthanrandomguessing.

More formally, a mislabelis a pair where is
theindex of a trainingexampleand is anincorrectlabel
associatedvith example . Let bethesetof all misla-
bels: : 1 A mislabel
distribution is a distribution de®nedbver the set  of all
mislabels.

Oneachround of boosting, AdaBoost.M2 (Figure2)
suppliesthe weaklearnerwith a mislabeldistribution
In responsethe weaklearnercomputesa hypothesis  of
theform 0 1. Thereis  restrictionon

. In particular the predictionvectordoesnot
have to de®nea probabilitydistribution.

Intuitively, we interpreteachmislabel asrepre-
sentinga binary questionof the form: 2Do you predict
thatthe labelassociatedvith example is  (thecorrect
label) or (oneof the incorrectlabels)?° With this in-
terpretationthe weight assignedo this mislabel
representsheimportanceof distinguishirg incorrectlabel

onexample

A weakhypothesis istheninterpretedn thefollowing
manner If 1and 0,then has
(correctly) predictedthat 'slabelis , not (since
deems tobe@plausible®and 2implausible®). Similarly,
if Oand 1,then hag(incorrectly)
madethe oppositeprediction. If ,
then 'spredictionis takento bearandomguess.(Values
for in 0 1 areinterpretecprobabilistically)

Thisinterpretatiorleadsusto de®nehe pseudo-lossf
hypothesis with respectto mislabeldistribution by
theformula

: 1

Spacdimitationspreventusfrom givingacompletederiva-
tion of thisformulawhichis explainedin detailin ourearlier
paper[10Q]. It canbe veri®edthoughthatthe pseudo-loss
is minimizedwhencorrectlabels areassignedhevalue
1 andincorrectlabels assignedhe value0. Fur
ther, notethatpseudo-losd 2 is trivially achieved by ary
constant-aluedhypothesis .

The weak learners goal is to ®nda weak hypothesis

with small pseudo-lossThus, standardioff-the-shelf
learningalgorithmamayneedsomemodi®catiorio beused
in thismanneralthoughthis modi®cations oftenstraight-
forward. After receving , themislabeldistributionis up-
datedusingarule similarto theoneusedin AdaBoost.M1
The ®nalhypothesis outputs,for a giveninstance ,
thelabel thatmaximizesaweightedaverageof theweak
hypothesiwvalues .

Thefollowingtheorenmgivesaboundonthetraininger
ror of the ®nalhypothesis Notethatthis theorenrequires

only thatthe weakhypothesesave pseudo-lossessthan
1 2,i.e.,onlyslightly betterthanatrivial (constant-alued)
hypothesisregardlessof the numberof classes.Also, al-
thoughtheweakhypotheses areevaluatedvith respecto
the pseudo-lossye of courseevaluatethe ®nalhypothesis
usingtheordinaryerrormeasure.

Theorem 2 ([10]) Supposethe weak learning algorithm
WeakLeam, whencalled by AdaBoost.M2 geneateshy-
pothesesvith pseudo-losses , Whee isasde-
®nedn Figure 2. Let 12 . Thenthefollowing
upperboundholdsontheerror of the®nalhypothesis gy

®n 1 1

whee isthenumberof classes.

3 BOOSTING AND BAGGING

In this section, we describeour experimentscomparing
boostingandbaggingonthe UCI benchmarks.

We ®rstmentionbrie’'y a smallimplementatiorissue:
Mary learningalgorithmscan be modi®edto handleex-
amplesthatareweightedby a distribution suchasthe one
createdby the boostingalgorithm. When this is possi-
ble,theboostersdistribution  is supplieddirectlyto the
weak learning algorithm, a methodwe call boostingby
reweighting However, somelearningalgorithmsrequire
an unweightedset of examples. For sucha weaklearn-
ing algorithm,we insteadchoosea setof examplesfrom
independentlyat randomaccordingto the distribution
with replacement.The numberof examplesto be chosen
oneachroundis a matterof discretion;jn our experiments,
we chose exampleson eachround,where is thesize
of the original trainingset . We referto this methodas
boostingby resampling

Boostingby resamplings alsopossiblewhenusingthe
pseudo-lossin thiscaseasetof mislabelsaarechoserfrom
theset of all mislabelswith replacemenaccordingo the
givendistribution . Sucha procedurés consistentvith
theinterpretatiorof mislabelsdiscussedn Section2.2. In
ourexperimentsye choseasampleof size 1
on eachroundwhenusingtheresamplingnethod.

3.1 THE WEAK LEARNING ALGORITHMS

Asmentionedn theintroductionweusedhreeweaklearn-
ing algorithmdn theseexperiments.n all casestheexam-
plesaredescribedy avectorof valueswhich corresponds
to a ®»ed setof featuresor attributes. Thesevaluesmay
bediscreteor continuous.Someof theexamplesmayhave
missingvalues. All threeof the weak learnersbuild hy-
pothesesvhich classifyexamplesby repeatedlyestingthe
valuesof choserattributes.

The ®rst and simplestweak learney which we call
FindAttrT est searchedor the single attribute-\value test



#examples # #attributes | missing
name train | test | classes| disc. | cont. | values
soybean-small a7 - 4 35 -
labor 57 2 8 8
promoters 106 2 57 -
iris 150 3 - 4
hepatitis 155 2 13 6
sonar 208 2 - 60
glass 214 7 - 9
audiologstand 226 24 69 -
clee 303 - 2 7 6
so/bean-large 307 376 19 35 -
ionosphere 351 - 2 - 34
house-ates-84 435 2 16 -
wotesl 435 2 15 -
crx 690 2 9 6
breast-cancer- 699 2 - 9
pima-indians-d 768 2 8
ehicle 846 - 4 18
wvowel 528 462 11 10
geman 1000 - 2 13 7
segmentation 2310 7 - 19
hypotkroid 3163 2 18 7
sick-eutfroid 3163 2 18 7
splice 3190 3 60 -
kr-vs-kp 3196 - 2 36
satimage 4435 2000 6 - 36
agaricus-lepiot| 8124 - 2 22 -
letter-recognit | 16000 4000 26 - 16

Table1: The benchmarknachinelearningproblemsusedin the
experiments.

with minimum error (or pseudo-losspn the training set.
More precisely FindAttr T estcomputesa classi®ewhich
is de®nedy anattribute , avalue andthreepredictions

0, 1and ,. This classi®eclassi®es new example
asfollows: if thevalueof attribute is missingon , then
predict »; if attribute is discreteandits valueonexample

is equalto , orif attribute is continuousandits value
on isatmost , thenpredict o; otherwisepredict ;. If
using ordinary error (AdaBoost.M1), these?predictions®

o, 1, »wouldbesimpleclassi®cationdpr pseudo-loss,
the?predictions®wouldbevectorsn 0 1 (where isthe
numberof classes).

The algorithmFindAttrT estsearchegxhaustiely for
theclassi®eof theform givenabove with minimumerroror
pseudo-loswith respecto thedistributionprovidedby the
booster In otherwords all possiblevalueof , , o, 1and

»areconsideredWith somepreprocessinghissearcitan
becarriedoutfor theerrorbasedmplementationn
time,where isthenumberof attributesand thenumber
of examples.Asis typical,thepseudo-losanplementation
addsafactorof where isthenumberof classlabels.

For this algorithm,we usedboostingwith reweighting.

Thesecondveaklearnedoesasomavhatmoresophis-
ticatedsearctfor adecisionrule thattestsonaconjunction
of attribute-valuetests. We sketchthe main ideasof this
algorithm,which we call FindDecRule but omit someof
the ®nerdetailsfor lack of space. Thesedetailswill be
providedin thefull paper

First,thealgorithmrequiresanunweightedrainingset,
so we usethe resamplingversionof boosting. The given
training setis randomlydividedinto a growing setusing
70%of thedata,anda pruningsetwith theremaining30%.

boosting FindAttrTest boosting FindDecRule bagging FindAttrTest  bagging FindDecRule

0 20 40 60 8 0

20 40 60 8 0 20 40 60 8 0 20 40 60 80

pseudo-loss

Figure3: Comparisorof usingpseudo-lossersusordinaryerror
on multi-classproblemsfor boostingandbagging.

In the ®rstphasethe growing setis usedto grow a list of
attribute-\aluetests.Eachtestcomparesanattribute toa
value , similarto thetestsusedby FindAttrT est We use
anentropy-basegotentialfunctionto guidethe growth of
thelist of tests. Thelist is initially empty andonetestis
addedatatime, eachtime choosinghetestthatwill cause
thegreatestliropin potential. After thetestis chosenpnly
onebranchis expandednamelythebranchwith thehighest
remainingpotential. Thelist continuego begrown in this
fashionuntil no testremainswhich will furtherreducethe
potential.

In the secondphasethelist is prunedby selectingthe
pre®xof the list with minimum error (or pseudo-losspn
thepruningset.

Thethird weaklearneris Quinlan's C4.5 decision-tree
algorithm[18]. Weusedall thedefaultoptionswith pruning
turnedon. SinceC4.5expectsanunweightedrainingsam-
ple, we usedresampling.Also, we did not attemptto use
AdaBoost.M2 since C4.5 is designedto minimize error,
not pseudo-lossFurthermorewe did not expectpseudo-
lossto be helpfulwhenusingaweaklearningalgorithmas
strongasC4.5, sincesuchanalgorithmwill usuallybeable
to ®nda hypothesisith errorlessthanl 2.

3.2 BAGGING

We comparedoostingto Breimans [1] 2bootstrapaggre-
gating® or 2bagging® methodfor training and combining
multiple copiesof alearningalgorithm. Brie'y, themethod
worksby trainingeachcopyof thealgorithmonabootstrap
samplej.e.,asampleofsize chosenuniformlyatrandom
with replacementrom the original training set  (of size

). The multiple hypotheseshat are computedare then
combinedusingsimplevoting; thatis, the®nalcomposite
hypothesiglassi®esn example to the classmostoften
assignedoy the underlying®weak® hypotheses. Seehis
paperfor moredetails. Themethodcanbe quite effective,
especially accordingto Breiman,for 2unstable®learning
algorithmsfor which a small changein the dataeffectsa
large changdn the computechypothesis.

In orderto compareAdaBoost.M2, whichusegpseudo-
loss, to bagging,we also extendedbaggingin a natural
way for usewith a weaklearningalgorithmthatminimizes
pseudo-losgatherthan ordinary error.  As describedin
Section2.2, sucha weaklearningalgorithmexpectsto be
providedwith adistributionovertheset of all mislabels.
On eachround of bagging,we constructthis distribution
usingthebootstrapmethodihatis, we select  mislabels
from  (chosenuniformly at randomwith replacement),
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Figure4: Comparisorof boostingand baggingfor eachof the
weaklearners.

andassigreachmislabelweightl timesthenumberof

timesit waschosen.The hypotheses computedn this

manne@rethencombinedisingvotingin anaturalmanner;

namelygiven , thecombinedhypothesi®utputghelabel
which maximizes .

For eithererroror pseudo-losghedifferencedetween
baggingandboostingcanbe summarizedasfollows: (1)
baggingalwaysusesesamplingatherthanreweighting;(2)
baggingdoesnot modify the distribution over examplesor
mislabelsputinsteadalwaysusegheuniformdistribution;
and(3) in formingthe®nalhypothesisbagginggivesequal
weightto eachof the weakhypotheses.

3.3 THE EXPERIMENTS

We conductedur experimentson a collectionof machine
learningdatasetsvailablefromtherepositoryat University
of Californiaatlrvine.3 A summaryof someof the proper
tiesof thesedatasetss givenin Tablel. Somedatasetsre
providedwith atestset. For thesewe reraneachalgorithm
20 times (since someof the algorithmsare randomized),
andaveragedheresults.For datasetsvith no providedtest
set,we used10-fold crossvalidation,andaveragedhere-
sultsover 10 runs(for atotal of 100runsof eachalgorithm
on eachdataset).

In all our experimentswe setthe numberof roundsof
boostingor baggingto be 100.

3.4 RESULTS AND DISCUSSION

The results of our experimentsare shavn in Table 2.
The ®guresindicate test error rate averagedover mul-
tiple runs of eachalgorithm. Columnsindicate which
weak learningalgorithmwas used,and whetherpseudo-
loss (AdaBoost.M2) or error (AdaBoost.M1) was used.
Notethatpseudo-lossvasnotusedon ary two-classprob-
lemssincetheresultingalgorithmwouldbeidenticalto the
correspondingrrorbasedlgorithm. Columndabeled+°
indicatethattheweaklearningalgorithmwasusedby itself
(with no boostingor bagging).Columnsusingboostingor
baggingaremarked®boost®and®bag® respectiely.
Oneof our goalsin carryingouttheseexperimentsvas
to determinedf boostingusingpseudo-losgratherthaner-
ror) is worthwhile. Figure 3 shavs how the differental-
gorithms performedon eachof the mary-class( 2)
problemsausingpseudo-lossersuserror. Eachpointin the
scatteplotrepresenttheerrorachievedby thetwo compet-
ing algorithmson a givenbenchmarksothereis onepoint

SURL @http://www.ics.uci.edu/Amlearn/MLRepositdrynl
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boosting FindAttrTest boosting FindDecRule boosting C4.5 bagging C4.5
Figure5: Comparisorof C4.5 versusvariousotherboostingand

baggingmethods.

for eachbenchmarkThesexperimentsndicatethatboost-
ing using pseudo-losglearly outperformsboostingusing
error. Usingpseudo-losslid dramaticallybetterthanerror
on every non-binaryproblem(exceptit did slightly worse
on aris® with threeclasses).BecauseAdaBoost.M2 did

so much betterthan AdaBoost.M1, we will only discuss
AdaBoost.M2henceforth.

As the ®gureshaws, using pseudo-lossvith bagging
gave mixedresultsin comparisorto ordinaryerror. Over-
all, pseudo-losgave betterresults but occasionallyusing
pseudo-loskurt considerably

Figure4 shaws similar scatterplot€comparingthe per
formanceof boostingandbaggingfor all the benchmarks
andall threeweaklearner For boostingwe plottedtheer-
ror rateachieved usingpseudo-lossTo presenbaggingin
thebestpossibldight, weusedheerrorrateachievedusing
eithererroror pseudo-lossyhichevergave thebetterresult
on that particularbenchmark. (For the binary problems,
andexperimentswith C4.5 only errorwasused.)

For the simplerweak learningalgorithms(FindAttr-
TestandFindDecRule), boostingdid signi®cantlyanduni-
formly betterthan bagging. The boostingerror rate was
worsethanthebaggingerrorrate(usingeitherpseudo-loss
or error) on a very smallnumberof benchmarlproblems,
andonthesethedifferencan performancevasquitesmall.
Onaveragefor FindAttrT est boostingmprovedtheerror
rateover usingFindAttrT estaloneby 55.2%,comparedo
baggingwhich gave animprovementof only 11.0%using
pseudo-lossr 8.4%usingerror. For FindDecRule boost-
ing improved the error rate by 53.0%, baggingby only
18.8%usingpseudo-lossl 3.1%usingerror.

WhenusingC4.5astheweaklearningalgorithm boost-
ing and bagging seemmore evenly matched, although
boostingstill seemsto have a slight advantage. On av-
eragepoostingimprovedthe errorrateby 24.8%,bagging
by 20.0%.Boostingbeatbaggingby morethan2% on 6 of
thebenchmarksyhile baggingdid notbeatboostingy this
amounton ary benchmark.For the remaining20 bench-
marks,thedifferencein performancevaslessthan2%.

Figure5 shawvsin asimilarmannehow C4.5performed
comparedo baggingwith C4.5 andcomparedo boosting
with eachof the weaklearners(using pseudo-los$or the
non-binaryproblems).As the®gureshavs, usingboosting
with FindAttrT estdoesquitewell asalearningalgorithm
in its own right, in comparisorto C4.5. This algorithm
beatC4.5on 10 of the benchmarkgby at least2%), tied
on 14, andlost on 3. As mentionedabore, its average
performanceelative to using FindAttrT est by itself was
55.2%.In comparisonC4.5 simprovemenin performance



letter-recognit | 92.9 929 919 341 937

FindAttrT est FindDecRule C45
error pseudo-loss error pseudo-loss error
name + | boost| bag | boost| bag + | boost| bag | boost| bag + | boost| bag
sog/bean-small | 57.6 56.4 48.7 0.2 205| 51.8 56.0 457 0.4 2.9 2.2 34 2.2
labor 25.1 88 191 24.0 7.3 146 158 131 113
promoters 29.7 89 16.6 25.9 8.3 137 22.0 50 127
iris 35.2 4.7 28.4 4.8 7.1 383 43 18.8 4.8 5.5 5.9 5.0 5.0
hepatitis 19.7 18.6 16.8 216 180 20.1 212 163 175
sonar 259 165 259 314 16.2 26.1 289 190 243
glass 515 511 509 294 542 | 49.7 485 472 250 520 317 227 257
audiologstand | 53.5 535 535 236 657 535 535 535 199 65.7| 231 162 201
clee 278 188 224 274 19.7 203 26.6 21.7 20.9
so/bean-large | 64.8 64.5 59.0 98 742| 736 736 736 7.2 66.0]| 13.3 6.8 122
ionosphere 17.8 85 173 10.3 6.6 9.3 8.9 5.8 6.2
house-ates-84 4.4 3.7 4.4 5.0 4.4 4.4 3.5 5.1 3.6
wtesl 12.7 89 127 13.2 94 11.2 10.3 10.4 9.2
crx 145 144 145 145 135 145 158 13.8 136
breast-cancer-\v 8.4 4.4 6.7 8.1 4.1 53 5.0 3.3 3.2
pima-indians-d| 26.1 24.4 26.1 278 253 26.4 28.4 257 244
ehicle 643 644 576 26.1 56.1| 61.3 61.2 61.0 250 543 | 299 226 26.1
vowel 818 818 76.8 182 747 | 820 727 716 6.5 63.2 2.2 0.0 0.0
geman 300 249 304 30.0 254 296 29.4 250 246
segmentation | 75.8 75.8 54.5 42 725 | 73.7 533 543 24 58.0 3.6 1.4 2.7
hypotiroid 22 10 22 08 10 07 08 1.0 08
sick-eutfroid 5.6 3.0 5.6 2.4 2.4 2.2 2.2 2.1 2.1
splice 37.0 9.2 356 44 334 | 295 8.0 295 40 295 5.8 4.9 52
kr-vs-kp 32.8 4.4 307 24.6 0.7 20.8 0.5 0.3 0.6
satimage 58.3 583 583 149 416 576 56,5 56.7 131 30.0| 148 89 10.6
agaricus-lepiot| 11.3 0.0 113 8.2 0.0 8.2 0.0 0.0 0.0

923 918 918 304 93.7| 13.8 3.3 6.8

Table2: Testerrorratesof variousalgorithmson benchmarlproblems.

over FindAttrT estwas49.3%.

Using boostingwith FindDecRule did someavhat bet-
ter. Thewin-tie-losenumberdor thisalgorithm(compared
to C4.5 were 13-12-2,andits averageimprovementover
FindAttrT estwas58.1%.

4 BOOSTING A NEAREST-NEIGHBOR
CLASSIFIER

In this sectionwe studythe performanceof a learningal-
gorithm which combinesAdaBoost and a variant of the
nearest-neighbalassi®eWetestthecombinedalgorithm
ontheproblemof recognizinghandwritterdigits. Ourgoal
is not to improve on the accurag of the nearesneighbor
classi®elbut ratherto speedt up. Speed-ugs achievedby
reducingthe numberof prototypesin the hypothesigand
thusthe requirednumberof distancecalculationswithout
increasingheerrorrate. It is a similarapproacho thatof
nearest-neighbarditing[12, 13 in which onetriesto ®nd
the minimal setof prototypeghatis suf®cientto labelall
thetrainingsetcorrectly

The datasetomesfrom the US PostalService(USPS)
andconsistof 9709trainingexamplesand2007testexam-
ples. Thetraining andtestexamplesare evidently dravn
from ratherdifferentdistributionsasthereis a very signi®-
cantimpraovementin the performancéf thepartitionof the
datainto trainingandtestingis doneatrandom(ratherthan
usingthe given partition). We reportresultsboth on the
original partitioningandon a training setanda testsetof
thesamesizeghatweregeneratety randomlypartitioning
theunionof theoriginal trainingandtestsets.

Eachimageis representetly a1l6 16-matrixof 8-bit
pixels. The metric that we usefor identifying the near
estneighbor and hencefor classifyinganinstancejs the

standarcEuclideandistancebetweenthe images(viewed
asvectorsin  2°%). This is a very naive metric, but it
gives reasonablygood performance. A nearest-neighbor
classi®ewhichusesall thetrainingexamplesasprototypes
achievesatesterrorof 5 7% (2 3%onrandomlypartitioned
data). Usingthe more sophisticatedangentdistance[21]
isin ourfutureplans.

Eachweakhypothesids de®nedy a subset of the
trainingexamplesandamapping 01 . Givena
new testpoint , suchaweakhypothesigpredictshevector

o where g is theclosesipointto

Oneachroundof boosting aweakhypothesiss gener
atedby addingoneprototypeatatimetotheset until the
setreaches prespeci®eslize. Givenary set , wealways
choosethe mapping which minimizesthe pseudo-loss
of theresultingweakhypothesigwith respecto thegiven
mislabeldistribution).

Initially, the setof prototypes is empty Next, ten
candidateprototypesare selectedat randomaccordingto
the current(maiginal) distribution over the training exam-
ples. Of thesecandidatesthe onethat causeghe largest
decreasén the pseudo-losss addedto theset , andthe
processs repeated.The boostingprocesghusin uences
theweaklearningalgorithmin two ways: ®rst by changing
theway thetenrandomexamplesareselectedandsecond
by changinghe calculationof the pseudo-loss.

It oftenhappenghat, on thefollowing roundof boost-
ing, thesameset will have pseudo-lossigni®cantlyless
thanl 2 with respecto the new mislabeldistribution (but
possiblyusinga differentmapping ). In this caserather
thanchoosinga new setof prototypeswe reusethe same
set in additionalboostingstepsuntil the advantagethat
canbegainedfrom the givenpartitionis exhausteddetails
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Figure6: A sampleof the examplesthat have the largestweight
after 3 of the 30 boostingiterations. The ®rstline is afteritera-
tion 4, thesecondafteriteration12 andthethird afteriteration25.
Underneatleachmagewehavealineof theform : 1 1, 2 2,
where is thelabel of the example, 1 and , arethelabelsthat
get the highestand secondhighestvote from the combinedhy-
pothesisatthatpointin the run of the algorithm,and 1, , are
thecorrespondingiormalizedvotes.

omitted).

We ran 30 iterationsof the boostingalgorithm, and
the numberof prototypeswe usedwere 10 for the ®rst
weakhypothesis20 for thesecond40 for thethird, 80 for
the next ®we, and100for the remainingtwenty-twoweak
hypothesesThesesizeswerechosenso thatthe errorsof
all of theweakhypothesegareapproximatelhequal.

We comparedthe performanceof our algorithmto a
stravmanalgorithmwhich usesa singlesetof prototypes.
Similar to our algorithm,the prototypesetis generatedn-
crementally comparingten prototype candidatesat each
step,andalwayschoosingthe onethat minimizesthe em-
pirical error We comparedhe performancef theboosting
algorithmto that of the stravmanhypothesighatusesthe
samenumberof prototypes. We also comparedour per
formanceto that of the condensedearestineighborrule
(CNN) [13], a greedymethodfor ®ndinga small set of
prototypeswvhich correctlyclassifythe entiretrainingset.

4.1 RESULTS AND DISCUSSION

The resultsof our experimentsare summarizedn Ta-
ble 3 andFigure7. Table3 describegheresultsfrom ex-
perimentswith AdaBoost (eachexperimentwasrepeated
10 timesusingdifferentrandomseeds)the stravmanal-
gorithm (eachrepeated times), andCNN (7 times). We
compardheresultsusingarandonpartitionof thedatainto
trainingandtestingandusingthe partitionthatwasde®ned
by USPS.

We seethatin bothcasesaftermorethan970examples,
thetraining error of AdaBoostis muchbetterthanthat of
the stravman algorithm. The performanceon the testset
is similar, with a slight advantageto AdaBoostwhenthe
hypotheseincludemorethan1670examplesbut a slight
adwantageo stravmanif fewerroundsof boostingareused.
After 2670examplestheerrorof AdaBoostontherandom
partition is (on average)2 7%, while the error achieved
by usingthe whole training setis 2 3%. On the random
partition, the ®nalerroris 6 4%, while the error usingthe
wholetrainingsetis 5 7%.

Casy 5060 1660 1560 2000 500

Figure7: Graphsof the performanceof the boostingalgorithm

on a randomly partitionedUSPSdataset. The horizontal axis

indicatesthe total numberof prototypesthat were addedto the

combinedhypothesisandthe vertical axis indicateserror The

topmostjaggedline indicatesthe error of the weak hypothesis
that is trainedat this point on the weightedtraining set. The

bold curwe is the bound on the training error calculatedusing

Theorem2. The lowestthin curve and the medium-boldcurve

shav theperformancef thecombinedhypothesi®nthetraining

setandtestset,respectiely.

Comparingto CNN, we seethat both the stravman
algorithm and AdaBoost perform betterthan CNN even
when they use about900 examplesin their hypotheses.
Largerhypothesegeneratethy AdaBoostor stravmanare
muchbetterthanthatgeneratetdy CNN. Themainproblem
with CNN seemdo be its tendeng to over®tthe training
data.AdaBoostandthestravmanalgorithmseento suffer
lessfrom over®tting.

Figure7 shavs atypical run of AdaBoost Theupper
mostjaggedineis aconcatenatioof theerrorsof theweak
hypothesesvith respecto the mislabeldistribution. Each
peakfollowedby avalley correspondso thebaginningand
enderrorsof aweakhypothesissit is beingconstructed,
oneprototypeat atime. The weightederroralwaysstarts
around50% at the begginning of a boostingiterationand
dropsto around20-30%. The heaiestline describeghe
upperboundonthetrainingerrorthatis guaranteetly The-
orem2, andthetwo bottomlinesdescribehetrainingand
testerrorof the®nalcombinedhypothesis.

It is interestingthat the performanceof the boosting
algorithmon the testsetimproved signi®cantlyafter the
error on the training sethasalreadybecomezero. This
is surprisingbecausan20ccams razor® agumentwould
predict that increasingthe compleity of the hypothesis
aftertheerrorhasbeenreducedo zerois likely to degrade
theperformancenthetestset.

Figure6 shavs a sampleof theexamplesthataregiven
large weightsby the boostingalgorithmon a typical run.
Thereseemto betwo typesof 2hard® examples. Firstare
exampleswhicharevery atypicalor wrongly labeled(such
asexample2 onthe ®rstline andexamples3 and4 onthe
secondine). Thesecondype,whichtendsto dominateon
later iterations,consistsof examplesthat are very similar
to eachotherbut have differentlabels(suchasexamples3
versus4 on the third line). Althoughthe algorithmat this
pointwascorrecton all trainingexamplesiit is clearfrom
the votesit assignedo differentlabelsfor theseexample
pairsthatit wasstill trying to improve the discrimination



randonpatition USPSatition
AdaBoost Strawman CNN AdaBoost Strawman CNN

rd | size | theoy | train | test | train | test | test(size) theoy | train | test | train | test | test(size

1 10 | 5246 459 46.1 379 383 536.3 425 431 36.1 376

5 230 86.4 6.3 8.5 4.9 6.2 83.0 51 123 42 10.6
10 670 16.0 0.4 4.6 2.0 4.3 10.9 0.1 8.6 1.4 8.3
13 970 4.5 0.0 3.9 1.5 3.8  4.4(990 3.3 0.0 8.1 1.0 7.7 8.6(865
15 | 1170 2.4 0.0 3.6 1.3 3.6 1.5 0.0 7.7 0.8 7.5
20 | 1670 0.4 0.0 3.1 0.9 33 0.2 0.0 7.0 0.6 7.1
25 | 2170 0.1 0.0 29 0.7 3.0 0.0 0.0 6.7 0.4 6.9
30 | 2670 0.0 0.0 2.7 0.5 2.8 0.0 0.0 6.4 0.3 6.8

Table3: Averageerrorratesontrainingandtestsetsjn percent.For columndabelecPrandompartition® arandompartitionof theunion
of thetrainingandtestsetswasused2USPSpartition® meanghe USPS-preidedpartitioninto trainingandtestsetswasused.Columns
labeled?theory® give theoreticalupperboundson training error calculatedusing Theorem2. 2Size® indicatesnumberof prototypes

de®ninghe®nalhypothesis.

betweensimilar examples. This agreeswith our intuition
thatthepseudo-loss amechanisnthatcausesheboosting
algorithmto concentrat®n the hardto discriminatdabels
of hardexamples.

5 CONCLUSIONS

We have demonstratethatAdaBoostcanbeusedin mary

settinggoimprovetheperformancef alearningalgorithm.
When starting with relatively simple classi®ersthe im-

provementcanbeespeciallydramaticandcanoftenleadto

acompositelassi®ethatoutperformgnorecomple 2one-
shot®learningalgorithmslike C4.5. This improvementis

far greateithancanbe achieved with bagging.Note, how-

ever, thatfor non-binaryclassi®catioproblems boosting
simpleclassi®erganonly be doneeffectively if the more
sophisticateghseudo-losss used.

When starting with a complex algorithm like C4.5
boosting can also be usedto improve performance but
doesnot have sucha compellingadvantageover bagging.
Boostingcombinedwith acomplex algorithmmaygivethe
greatesimprovementin performancevhenthereis area-
sonablylarge amountof dataavailable (note,for instance,
boostingsperformancenthe?letter-recognition®problem
with 16,000training examples). Naturally, one needsto
considewhethertheimprovementin erroris worththead-
ditional computatiortime. Althoughwe used100rounds
of boosting,Quinlan[19] got good resultsusingonly 10
rounds.

Boostingmayhave otherapplicationsbesideseducing
the error of a classi®er For instancewe sav in Section4
thatboostingcanbe usedto ®nda small setof prototypes
for anearesheighborclassi®er

Asdescribedn theintroduction,boostingcombinegwo
effects. It reduceghe biasof the weaklearnerby forcing
the weak learnerto concentrateon different partsof the
instancespaceandit alsoreduceghe varianceof theweak
learnetby averagingseveralhypothesethatweregenerated
from differentsubsamplesf the training set. While there
is goodtheoryto explain the biasreducingeffects,thereis
needfor abettertheoryof thevariancereduction.
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