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Abstract. In an earlierpaper, we introduceda new ªboostingº
algorithmcalledAdaBoostwhich, theoretically, canbe usedto
signi®cantlyreducetheerrorof any learningalgorithmthatcon-
sistentlygeneratesclassi®erswhoseperformanceis a little better
thanrandomguessing.Wealsointroducedtherelatednotionof a
ªpseudo-lossºwhich is amethodfor forcinga learningalgorithm
of multi-labelconceptstoconcentrateonthelabelsthatarehardest
to discriminate.In thispaper, wedescribeexperimentswecarried
out to assesshow well AdaBoost with andwithout pseudo-loss,
performson reallearningproblems.

Weperformedtwosetsof experiments.The®rstsetcompared
boostingto Breiman's ªbaggingºmethodwhenusedto aggregate
variousclassi®ers(including decisiontreesandsingleattribute-
valuetests). We comparedtheperformanceof the two methods
on a collectionof machine-learningbenchmarks.In the second
setof experiments,we studiedin moredetail theperformanceof
boostingusinganearest-neighborclassi®eron anOCRproblem.

1 INTRODUCTION
ªBoostingº is a generalmethodfor improving the perfor-
manceof any learningalgorithm.In theory, boostingcanbe
usedtosigni®cantlyreducetheerrorof any ªweakºlearning
algorithmthatconsistentlygeneratesclassi®erswhichneed
only be a little bit betterthanrandomguessing.Despite
thepotentialbene®tsof boostingpromisedby the theoret-
ical results,the true practicalvalue of boostingcanonly
beassessedby testingthemethodon realmachinelearning
problems. In this paper, we presentsuchanexperimental
assessmentof a new boostingalgorithmcalledAdaBoost.

Boostingworks by repeatedlyrunninga given weak1

learningalgorithmon variousdistributionsover the train-
ing data,and then combiningthe classi®ersproducedby
the weak learnerinto a single compositeclassi®er. The
®rstprovablyeffective boostingalgorithmswerepresented
by Schapire[20] andFreund[9]. More recently, we de-
scribedandanalyzedAdaBoost, andwe arguedthat this
new boostingalgorithmhascertainpropertieswhich make
it more practicaland easierto implementthan its prede-
cessors[10]. This algorithm, which we usedin all our
experiments,is describedin detail in Section2.

Homepage:ªhttp://www.research.att.com/orgs/ssr/people/uidº.
Expectedto changeto ªhttp://www.research.att.com/Äuidºsome-
time in thenearfuture(for uid ��� yoav, schapire� ).

1We usethetermªweakº learningalgorithm,eventhough,in
practice,boostingmightbecombinedwith aquitestronglearning
algorithmsuchasC4.5.

This paperdescribestwo distinct setsof experiments.
In the ®rstsetof experiments,describedin Section3, we
comparedboostingto ªbagging,º a methoddescribedby
Breiman[1] whichworksin thesamegeneralfashion(i.e.,
by repeatedlyrerunninga givenweaklearningalgorithm,
andcombiningthe computedclassi®ers),but which con-
structseachdistributionin asimplermanner. (Detailsgiven
below.) We comparedboostingwith baggingbecauseboth
methodswork by combiningmany classi®ers.This com-
parisonallows us to separateout the effect of modifying
thedistributiononeachround(whichis donedifferentlyby
eachalgorithm)fromtheeffectof votingmultipleclassi®ers
(which is donethesameby each).

In our experiments,we comparedboostingto bagging
using a numberof differentweak learningalgorithmsof
varying levels of sophistication. Theseinclude: (1) an
algorithm that searchesfor very simple prediction rules
whichtestonasingleattribute(similar to Holte'sverysim-
pleclassi®cationrules[14]); (2) analgorithmthatsearches
for a singlegooddecisionrule that testson a conjunction
of attribute tests(similar in ¯avor to the rule-formation
partof Cohen's RIPPERalgorithm[3] andFÈurnkranzand
Widmer's IREP algorithm [11]); and (3) Quinlan's C4.5
decision-treealgorithm[18]. Wetestedthesealgorithmson
acollectionof 27benchmarklearningproblemstakenfrom
theUCI repository.

Themainconclusionof our experimentsis thatboost-
ing performssigni®cantlyanduniformly betterthanbag-
ging when the weak learningalgorithm generatesfairly
simple classi®ers(algorithms(1) and (2) above). When
combinedwith C4.5, boostingstill seemsto outperform
baggingslightly, but theresultsarelesscompelling.

Wealsofoundthatboostingcanbeusedwith verysim-
plerules(algorithm(1))toconstructclassi®ersthatarequite
goodrelative,say, to C4.5. KearnsandMansour[16] argue
thatC4.5 canitself beviewedasa kind of boostingalgo-
rithm, soa comparisonof AdaBoostandC4.5canbeseen
asacomparisonof twocompetingboostingalgorithms.See
Dietterich,KearnsandMansour'spaper[4] for moredetail
on thispoint.

In the secondset of experiments,we test the perfor-
manceof boostingonanearestneighborclassi®erfor hand-
written digit recognition. In this casethe weak learning
algorithmis very simple,andthis letsusgainsomeinsight
into theinteractionbetweentheboostingalgorithmandthe



nearestneighborclassi®er. We show that theboostingal-
gorithm is an effective way for ®ndinga small subsetof
prototypesthatperformsalmostaswell asthecompleteset.
We also show that it comparesfavorably to the standard
methodof CondensedNearestNeighbor[13] in termsof its
testerror.

Thereseemto betwo separatereasonsfor theimprove-
mentin performancethatis achievedby boosting.The®rst
andbetterunderstoodeffectof boostingis thatit generatesa
hypothesiswhoseerroronthetrainingsetis smallby com-
biningmany hypotheseswhoseerrormaybelarge(but still
betterthanrandomguessing).It seemsthatboostingmaybe
helpfulonlearningproblemshaving eitherof thefollowing
two properties. The ®rstproperty, which holds for many
real-worldproblems,is thattheobservedexamplestendto
have varyingdegreesof hardness.For suchproblems,the
boostingalgorithmtendsto generatedistributionsthatcon-
centrateontheharderexamples,thuschallengingtheweak
learningalgorithmto performwell on theseharderpartsof
thesamplespace.Thesecondpropertyis thatthelearning
algorithmbesensitive to changesin the trainingexamples
sothatsigni®cantlydifferenthypothesesaregeneratedfor
differenttrainingsets. In this sense,boostingis similar to
Breiman'sbagging[1] whichperformsbestwhentheweak
learnerexhibitssuchªunstableºbehavior. However, unlike
bagging,boostingtriesactively to forcetheweaklearning
algorithmto changeits hypothesesby changingthedistri-
butionoverthetrainingexamplesasafunctionof theerrors
madeby previouslygeneratedhypotheses.

Thesecondeffectof boostinghastodowith variancere-
duction. Intuitively, takinga weightedmajority over many
hypotheses,all of whichweretrainedon differentsamples
takenout of the sametraining set, has the effect of re-
ducingtherandomvariability of thecombinedhypothesis.
Thus,like bagging,boostingmayhavetheeffectof produc-
ing a combinedhypothesiswhosevarianceis signi®cantly
lower thanthoseproducedby theweaklearner. However,
unlike bagging,boostingmay alsoreducethe biasof the
learningalgorithm,asdiscussedabove. (SeeKongandDi-
etterich[17] for furtherdiscussionof thebiasandvariance
reducingeffectsof voting multiple hypotheses,aswell as
Breiman's [2] very recentwork comparingboostingand
baggingin termsof their effectson biasandvariance.)In
our®rstsetof experiments,wecompareboostingandbag-
ging,andtry tousethatcomparisontoseparatebetweenthe
biasandvariancereducingeffectsof boosting.

Previous work. Drucker, SchapireandSimard[8, 7]
performedthe®rstexperimentsusingaboostingalgorithm.
They usedSchapire's[20] originalboostingalgorithmcom-
bined with a neural net for an OCR problem. Follow-
up comparisonsto otherensemblemethodsweredoneby
Druckeret al. [6]. More recently, DruckerandCortes[5]
usedAdaBoostwith a decision-treealgorithmfor anOCR
task. Jacksonand Craven [15] usedAdaBoost to learn
classi®ersrepresentedby sparseperceptrons,andtestedthe
algorithmon a setof benchmarks.Finally, Quinlan [19]
recentlyconductedanindependentcomparisonof boosting
andbaggingcombinedwith C4.5 on a collectionof UCI
benchmarks.
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Figure1: ThealgorithmAdaBoost.M1.

2 THE BOOSTING ALGORITHM

In this section,we describeour boostingalgorithm,called
AdaBoost. Seeourearlierpaper[10] for moredetailsabout
thealgorithmandits theoreticalproperties.

We describetwo versionsof the algorithmwhich we
denoteAdaBoost.M1 and AdaBoost.M2. The two ver-
sionsareequivalentfor binaryclassi®cationproblemsand
differ only in their handlingof problemswith more than
two classes.

2.1 ADABOOST.M1

We begin with the simplerversion,AdaBoost.M1. The
boostingalgorithmtakesasinputa trainingsetof N exam-
ples OQPSR�TVU 1 W
X 1 Y,W[Z�Z[Z
W

TVU]\

W
X

\

Y
^

where U]_ is an instance
drawn from somespacè andrepresentedin someman-
ner (typically, a vectorof attributevalues),and

X

_baQc is
the classlabel associatedwith U

_ . In this paper, we al-
waysassumethat the setof possiblelabels c is of ®nite
cardinality d .

In addition,theboostingalgorithmhasaccesstoanother
unspeci®edlearningalgorithm, called the weak learning
algorithm, which is denotedgenericallyas WeakLearn.
The boostingalgorithm calls WeakLearn repeatedlyin
a seriesof rounds. On round e , the boosterprovides
WeakLearn with a distribution fhg over the training set

O . In response,WeakLearn computesa classi®eror hy-
pothesis i

g : `kj
c which should correctly classify

a fraction of the training set that has large probability
with respectto f g . That is, the weak learner's goal is
to ®ndahypothesisi

g whichminimizesthe(training)error
l

g
P Pr_nm:o

+Mp

i
g

TVU
_

Y8q

P

X

_�r . Notethatthiserroris measured
with respectto thedistribution fhg thatwasprovidedto the
weaklearner. Thisprocesscontinuesfor s rounds,and,at
last,theboostercombinestheweakhypothesesi 1

W�Z[Z�Z�W

i"t

into a single®nalhypothesisi

H(I .
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Figure2: ThealgorithmAdaBoost.M2.

Still unspeci®edare: (1) the mannerin which f
g is

computedon eachround,and(2) how i

H(I is computed.
Dif ferentboostingschemesanswerthesetwo questionsin
differentways. AdaBoost.M1usesthesimplerule shown
in Figure1. Theinitial distribution f 1 is uniformover O so

f 1 T��

Y

P 1�MN for all � . To computedistribution f�g � 1 from
f

g andthelastweakhypothesisi
g , wemultiply theweight

of example � by somenumber!
g a#" 0

W

1
Y

if i
g classi®esU

_

correctly, andotherwisetheweightis left unchanged.The
weightsarethenrenormalizedby dividing by the normal-
izationconstant$

g . Effectively, ªeasyºexamplesthatare
correctlyclassi®edby many of thepreviousweakhypothe-
sesgetlowerweight,andªhardºexampleswhichtendoften
to bemisclassi®edgethigherweight. Thus,AdaBoostfo-
cusesthe mostweighton the exampleswhich seemto be
hardestfor WeakLearn.

Thenumber!]g is computedasshown in the®gureasa
functionof l

g . The®nalhypothesisi

H(I is a weightedvote
(i.e., a weightedlinear threshold)of theweakhypotheses.
Thatis, for a giveninstanceU , i

H(I outputsthelabel
X

that
maximizesthesumof theweightsof theweakhypotheses
predictingthatlabel.Theweightof hypothesisi

g is de®ned
tobelogT 1�%!

g

Y

sothatgreaterweightis giventohypotheses
with lowererror.

TheimportanttheoreticalpropertyaboutAdaBoost.M1
is statedin thefollowing theorem.Thistheoremshowsthat
if theweakhypothesesconsistentlyhaveerroronlyslightly
betterthan1� 2,thenthetrainingerrorof the®nalhypothesis

i

H(I dropsto zeroexponentiallyfast. For binary classi®-
cationproblems,thismeansthattheweakhypothesesneed
beonly slightly betterthanrandom.

Theorem 1 ([10]) Supposethe weak learning algorithm
WeakLearn, whencalledbyAdaBoost.M1, generateshy-
potheseswith errors l

1
W�Z[Z�Z
W

l

t , where l

g is as de®nedin
Figure 1. Assumeeach l

g'& 1� 2, and let (
g

P 1� 2 )

l

g .

Thenthe following upperboundholdson the error of the
®nalhypothesisi ®n:

* �
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_ �
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g

& exp ./) 2
t
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g , 1

(

2
g�0

Z

Theorem1 implies that the training error of the ®nalhy-
pothesisgeneratedby AdaBoost.M1 is small. This does
not necessarilyimply thatthetesterror is small. However,
if theweakhypothesesareªsimpleº and s ªnot too large,º
thenthedifferencebetweenthetrainingandtesterrorscan
alsobetheoreticallybounded(seeourearlierpaper[10] for
moreon thissubject).

Theexperimentsin thispaperindicatethatthetheoreti-
cal boundon thetrainingerroris oftenweak,but generally
correctqualitatively. However, the testerror tendsto be
much better than the theory would suggest,indicating a
cleardefectin our theoreticalunderstanding.

The main disadvantageof AdaBoost.M1 is that it is
unableto handleweakhypotheseswith error greaterthan
1� 2. The expectederror of a hypothesiswhich randomly
guessesthe label is 1 ) 1�Md , where d is the numberof
possiblelabels.Thus,for dhP 2, theweakhypothesesneed
to be just slightly betterthanrandomguessing,but when

d21 2, the requirementthat the error be lessthan1� 2 is
quitestrongandmayoftenbehardto meet.

2.2 ADABOOST.M2

The secondversion of AdaBoost attemptsto overcome
thisdif®cultyby extendingthecommunicationbetweenthe
boostingalgorithmandthe weaklearner. First, we allow
the weaklearnerto generatemoreexpressive hypotheses,
which, ratherthanidentifying a singlelabel in c , instead
chooseasetof ªplausibleºlabels.Thismayoftenbeeasier
than choosingjust one label. For instance,in an OCR
setting,it may be hardto tell if a particularimageis ª7º
or a ª9º, but easyto eliminateall of theotherpossibilities.
In this case,rather than choosingbetween7 and 9, the
hypothesismay output the set

�

7
W

9 � indicatingthat both
labelsareplausible.

We alsoallow theweaklearnerto indicatea ªdegreeof
plausibility.º Thus,eachweakhypothesisoutputsa vector

" 0
W

13 4 , wherethe componentswith valuesclose to 1 or
0 correspondto thoselabelsconsideredto beplausibleor
implausible,respectively. Notethatthisvectorof valuesis
not a probabilityvector, i.e., thecomponentsneednot sum
to one.2

While we give the weak learningalgorithmmore ex-
pressivepower, wealsoplacea morecomplex requirement
on the performanceof the weakhypotheses.Ratherthan
usingtheusualpredictionerror, we askthat theweakhy-
pothesesdowell with respectto a moresophisticatederror
measurethatwecall thepseudo-loss. Unlikeordinaryerror
whichis computedwith respectto adistributionoverexam-
ples,pseudo-lossis computedwith respectto adistribution

2We deliberatelyusethe term ªplausibleº ratherthanªprob-
ableº to emphasizethe fact that thesenumbersshould not be
interpretedastheprobabilityof agivenlabel.
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over the setof all pairsof examplesandincorrectlabels.
By manipulatingthis distribution, the boostingalgorithm
canfocustheweaklearnernotonly onhard-to-classifyex-
amples,but morespeci®cally, on the incorrectlabelsthat
arehardestto discriminate.We will seethat the boosting
algorithmAdaBoost.M2, which is basedon theseideas,
achievesboostingif eachweakhypothesishaspseudo-loss
slightly betterthanrandomguessing.

More formally, a mislabel is a pair T��

W
X Y

where � is
the index of a trainingexampleand

X

is an incorrect label
associatedwith example � . Let � be the setof all misla-
bels: � P

�

T �

W
X Y

: � a

�

1
W�Z�Z[Z
W

N �

W
X<q

P

X

_ �

Z

A mislabel
distribution is a distribution de®nedover the set � of all
mislabels.

On eachround e of boosting,AdaBoost.M2(Figure2)
suppliestheweaklearnerwith a mislabeldistribution f�g .
In response,theweaklearnercomputesa hypothesisi g of
the form i]g : `�� c j " 0

W

13 . Thereis ��� restrictionon
���

i]g
TVU

W�XMY

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

Intuitively, we interpreteachmislabel T �

W
X Y

as repre-
sentinga binary questionof the form: ªDo you predict
that the labelassociatedwith example U(_ is

X

_ (thecorrect
label) or

X

(one of the incorrect labels)?º With this in-
terpretation,the weight f

g
T �

W�XMY

assignedto this mislabel
representsthe importanceof distinguishing incorrectlabel

X

onexample U?_ .
A weakhypothesisi

g istheninterpretedin thefollowing
manner. If i

g
TVU

_

W�X

_

Y

P 1 and i
g

T�U
_

W�XMY

P 0, then i
g has

(correctly)predictedthat U
_ 's label is

X

_ , not
X

(since i
g

deems
X

_ to beªplausibleºand
X

ªimplausibleº).Similarly,
if i

g
TVU

_

W�X

_

Y

P 0andi
g

TVU
_

W
X Y

P 1,theni
g has(incorrectly)

madethe oppositeprediction. If i
g

TVU
_

W
X

_

Y

P i
g

TVU
_

W
X Y

,
then i]g 'spredictionis takento bea randomguess.(Values
for i

g in T 0
W

1
Y

areinterpretedprobabilistically.)
This interpretationleadsusto de®nethepseudo-lossof

hypothesisi
g with respectto mislabeldistribution f

g by
theformula

l

g
P

1
2 )
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�����
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g

T��

W
X Y
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1 )Qi
g

T�U
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W�X
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Y��

i
g

TVU
_

W�XMY

�

Z

Spacelimitationspreventusfromgivingacompletederiva-
tionof thisformulawhichisexplainedin detailin ourearlier
paper[10]. It canbeveri®edthoughthat the pseudo-loss
is minimizedwhencorrectlabels

X

_ areassignedthevalue
1 and incorrectlabels

X q

P

X

_ assignedthe value0. Fur-
ther, notethatpseudo-loss1� 2 is trivially achievedby any
constant-valuedhypothesisi(g .

The weak learner's goal is to ®nda weakhypothesis
i

g with small pseudo-loss.Thus,standardªoff-the-shelfº
learningalgorithmsmayneedsomemodi®cationtobeused
in thismanner, althoughthis modi®cationis oftenstraight-
forward.After receiving i(g , themislabeldistributionis up-
datedusingarulesimilarto theoneusedin AdaBoost.M1.
The ®nalhypothesisi

H(I outputs,for a given instanceU ,
thelabel

X

thatmaximizesa weightedaverageof theweak
hypothesisvaluesi

g
TVU

W�XMY

.
Thefollowingtheoremgivesaboundonthetraininger-

ror of the®nalhypothesis.Notethat this theoremrequires

only that the weakhypotheseshave pseudo-losslessthan
1� 2, i.e.,only slightlybetterthanatrivial (constant-valued)
hypothesis,regardlessof the numberof classes.Also, al-
thoughtheweakhypothesesi(g areevaluatedwith respectto
thepseudo-loss,we of courseevaluatethe®nalhypothesis

i

H(I usingtheordinaryerrormeasure.

Theorem 2 ([10]) Supposethe weak learning algorithm
WeakLearn, whencalledby AdaBoost.M2generateshy-
potheseswith pseudo-lossesl

1 W[Z�Z�Z�W

l

t , where l

g is as de-
®nedin Figure 2. Let ( g P 1� 2 )

l

g . Thenthe following
upperboundholdson theerror of the®nalhypothesisi ®n:

* �

� : i ®nT�U _

Y8q

P

X

_ �

*

N

& T�d�) 1
Y

t

+

g , 1 -

1 ) 4(

2
g

& T�d�) 1
Y

exp . ) 2
t

)

g , 1

(

2
g

0

where d is thenumberof classes.

3 BOOSTING AND BAGGING

In this section,we describeour experimentscomparing
boostingandbaggingon theUCI benchmarks.

We ®rstmentionbrie¯y a small implementationissue:
Many learningalgorithmscanbe modi®edto handleex-
amplesthatareweightedby a distributionsuchastheone
createdby the boostingalgorithm. When this is possi-
ble, thebooster'sdistribution f

g is supplieddirectly to the
weak learningalgorithm, a methodwe call boostingby
reweighting. However, somelearningalgorithmsrequire
an unweightedset of examples. For sucha weak learn-
ing algorithm,we insteadchoosea setof examplesfrom O

independentlyat randomaccordingto the distribution f
g

with replacement.The numberof examplesto be chosen
oneachroundis a matterof discretion;in ourexperiments,
we choseN exampleson eachround,where N is thesize
of the original training set O . We refer to this methodas
boostingby resampling.

Boostingby resamplingis alsopossiblewhenusingthe
pseudo-loss.In thiscase,asetof mislabelsarechosenfrom
theset � of all mislabelswith replacementaccordingto the
givendistribution f g . Sucha procedureis consistentwith
theinterpretationof mislabelsdiscussedin Section2.2. In
ourexperiments,wechoseasampleof size

*

�

*

P N TVd ) 1
Y

oneachroundwhenusingtheresamplingmethod.

3.1 THE WEAK LEARNING ALGORITHMS

Asmentionedin theintroduction,weusedthreeweaklearn-
ing algorithmsin theseexperiments.In all cases,theexam-
plesaredescribedby a vectorof valueswhichcorresponds
to a ®xed setof featuresor attributes. Thesevaluesmay
bediscreteor continuous.Someof theexamplesmayhave
missingvalues. All threeof the weak learnersbuild hy-
potheseswhichclassifyexamplesby repeatedlytestingthe
valuesof chosenattributes.

The ®rst and simplestweak learner, which we call
FindAttrT est, searchesfor the single attribute-valuetest
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#examples # #attributes missing
name train test classes disc. cont. values
soybean-small 47 - 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 -
audiology.stand 226 - 24 69 - �

cleve 303 - 2 7 6 �

soybean-large 307 376 19 35 - �

ionosphere 351 - 2 - 34 -
house-votes-84 435 - 2 16 - �

votes1 435 - 2 15 - �

crx 690 - 2 9 6 �

breast-cancer-w 699 - 2 - 9 �

pima-indians-di 768 - 2 - 8 -
vehicle 846 - 4 - 18 -
vowel 528 462 11 - 10 -
german 1000 - 2 13 7 -
segmentation 2310 - 7 - 19 -
hypothyroid 3163 - 2 18 7 �

sick-euthyroid 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 benchmarkmachinelearningproblemsusedin the
experiments.

with minimum error (or pseudo-loss)on the training set.
More precisely, FindAttrT estcomputesa classi®erwhich
is de®nedby anattribute � , a value � andthreepredictions

�

0,
�

1 and �

?. This classi®erclassi®esa new example U

asfollows: if thevalueof attribute � is missingon U , then
predict�

?; if attribute � is discreteandits valueonexample
U is equalto � , or if attribute � is continuousandits value
on U is at most � , thenpredict �

0; otherwisepredict �

1. If
usingordinaryerror (AdaBoost.M1), theseªpredictionsº

�

0,
�

1, �

? wouldbesimpleclassi®cations;for pseudo-loss,
theªpredictionsºwouldbevectorsin " 0

W

13�4 (whered is the
numberof classes).

ThealgorithmFindAttrT estsearchesexhaustively for
theclassi®erof theformgivenabovewith minimumerroror
pseudo-losswith respectto thedistributionprovidedby the
booster. In otherwords,all possiblevaluesof � , � , �

0, �

1 and
�

? areconsidered.With somepreprocessing,thissearchcan
becarriedoutfor theerror-basedimplementationin �hT�� N

Y

time,where� is thenumberof attributesandN thenumber
of examples.As is typical,thepseudo-lossimplementation
addsafactorof �hTVd

Y

whered is thenumberof classlabels.
For thisalgorithm,weusedboostingwith reweighting.
Thesecondweaklearnerdoesasomewhatmoresophis-

ticatedsearchfor adecisionrulethattestsonaconjunction
of attribute-valuetests. We sketchthe main ideasof this
algorithm,which we call FindDecRule, but omit someof
the ®nerdetails for lack of space. Thesedetailswill be
providedin thefull paper.

First,thealgorithmrequiresanunweightedtrainingset,
so we usethe resamplingversionof boosting. The given
training set is randomlydivided into a growing setusing
70%of thedata,andapruningsetwith theremaining30%.
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Figure3: Comparisonof usingpseudo-lossversusordinaryerror
on multi-classproblemsfor boostingandbagging.

In the®rstphase,thegrowing setis usedto grow a list of
attribute-valuetests.Eachtestcomparesanattribute � to a
value � , similar to thetestsusedby FindAttrT est. We use
anentropy-basedpotentialfunctionto guidethegrowth of
the list of tests. The list is initially empty, andonetestis
addedata time,eachtimechoosingthetestthatwill cause
thegreatestdropin potential.After thetestis chosen,only
onebranchisexpanded,namely, thebranchwith thehighest
remainingpotential.Thelist continuesto begrown in this
fashionuntil no testremainswhich will furtherreducethe
potential.

In thesecondphase,the list is prunedby selectingthe
pre®xof the list with minimumerror (or pseudo-loss)on
thepruningset.

Thethird weaklearneris Quinlan'sC4.5 decision-tree
algorithm[18]. Weusedall thedefaultoptionswith pruning
turnedon. SinceC4.5expectsanunweightedtrainingsam-
ple, we usedresampling.Also, we did not attemptto use
AdaBoost.M2 sinceC4.5 is designedto minimize error,
not pseudo-loss.Furthermore,we did not expectpseudo-
lossto behelpfulwhenusingaweaklearningalgorithmas
strongasC4.5, sincesuchanalgorithmwill usuallybeable
to ®ndahypothesiswith errorlessthan1� 2.

3.2 BAGGING

We comparedboostingto Breiman's [1] ªbootstrapaggre-
gatingº or ªbaggingº methodfor training andcombining
multiplecopiesof alearningalgorithm.Brie¯y, themethod
worksby trainingeachcopyof thealgorithmonabootstrap
sample,i.e.,asampleof sizeN chosenuniformlyatrandom
with replacementfrom the original training set O (of size

N ). The multiple hypothesesthat arecomputedare then
combinedusingsimplevoting; that is, the®nalcomposite
hypothesisclassi®esanexample U to the classmostoften
assignedby the underlyingªweakº hypotheses.Seehis
paperfor moredetails.Themethodcanbequiteeffective,
especially, accordingto Breiman,for ªunstableºlearning
algorithmsfor which a small changein the dataeffectsa
largechangein thecomputedhypothesis.

In ordertocompareAdaBoost.M2, whichusespseudo-
loss, to bagging,we also extendedbaggingin a natural
wayfor usewith a weaklearningalgorithmthatminimizes
pseudo-lossrather than ordinary error. As describedin
Section2.2,sucha weaklearningalgorithmexpectsto be
providedwith adistributionover theset � of all mislabels.
On eachroundof bagging,we constructthis distribution
usingthebootstrapmethod;thatis, weselect

*

�

*

mislabels
from � (chosenuniformly at randomwith replacement),
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Figure4: Comparisonof boostingandbaggingfor eachof the
weaklearners.

andassigneachmislabelweight1�

*

�

*

timesthenumberof
timesit waschosen.Thehypothesesi g computedin this
mannerarethencombinedusingvotingin anaturalmanner;
namely, given U , thecombinedhypothesisoutputsthelabel

X

whichmaximizes
�

g

i g T�U

W
X Y

.
For eithererroror pseudo-loss,thedifferencesbetween

baggingandboostingcanbe summarizedasfollows: (1)
baggingalwaysusesresamplingratherthanreweighting;(2)
baggingdoesnot modify thedistributionover examplesor
mislabels,but insteadalwaysusestheuniformdistribution;
and(3) in formingthe®nalhypothesis,bagginggivesequal
weightto eachof theweakhypotheses.

3.3 THE EXPERIMENTS

We conductedour experimentson a collectionof machine
learningdatasetsavailablefromtherepositoryatUniversity
of Californiaat Irvine.3 A summaryof someof theproper-
tiesof thesedatasetsis givenin Table1. Somedatasetsare
providedwith atestset.For these,wereraneachalgorithm
20 times(sincesomeof the algorithmsare randomized),
andaveragedtheresults.For datasetswith noprovidedtest
set,we used10-fold crossvalidation,andaveragedthere-
sultsover10 runs(for a totalof 100runsof eachalgorithm
oneachdataset).

In all our experiments,we setthenumberof roundsof
boostingor baggingto be s P 100.

3.4 RESULTS AND DISCUSSION

The results of our experimentsare shown in Table 2.
The ®guresindicate test error rate averagedover mul-
tiple runs of eachalgorithm. Columns indicate which
weak learningalgorithmwas used,and whetherpseudo-
loss (AdaBoost.M2) or error (AdaBoost.M1) was used.
Notethatpseudo-losswasnotusedonany two-classprob-
lemssincetheresultingalgorithmwouldbeidenticalto the
correspondingerror-basedalgorithm.Columnslabeledª±º
indicatethattheweaklearningalgorithmwasusedby itself
(with noboostingor bagging).Columnsusingboostingor
baggingaremarkedªboostºandªbag,º respectively.

Oneof ourgoalsin carryingout theseexperimentswas
to determineif boostingusingpseudo-loss(ratherthaner-
ror) is worthwhile. Figure3 shows how the differental-
gorithmsperformedon eachof the many-class( d 1 2)
problemsusingpseudo-lossversuserror. Eachpoint in the
scatterplot representstheerrorachievedbythetwocompet-
ing algorithmsona givenbenchmark,sothereis onepoint

3URL ªhttp://www.ics.uci.edu/Ämlearn/MLRepository.htmlº
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Figure5: Comparisonof C4.5versusvariousotherboostingand
baggingmethods.

for eachbenchmark.Theseexperimentsindicatethatboost-
ing usingpseudo-lossclearly outperformsboostingusing
error. Usingpseudo-lossdid dramaticallybetterthanerror
on every non-binaryproblem(except it did slightly worse
on ªirisº with threeclasses).BecauseAdaBoost.M2 did
so muchbetterthanAdaBoost.M1, we will only discuss
AdaBoost.M2henceforth.

As the ®gureshows, using pseudo-losswith bagging
gave mixedresultsin comparisonto ordinaryerror. Over-
all, pseudo-lossgave betterresults,but occasionally, using
pseudo-losshurt considerably.

Figure4 shows similar scatterplotscomparingtheper-
formanceof boostingandbaggingfor all the benchmarks
andall threeweaklearner. For boosting,weplottedtheer-
ror rateachievedusingpseudo-loss.To presentbaggingin
thebestpossiblelight, weusedtheerrorrateachievedusing
eithererroror pseudo-loss,whichevergavethebetterresult
on that particularbenchmark. (For the binary problems,
andexperimentswith C4.5, only errorwasused.)

For the simplerweak learningalgorithms(FindAttr-
TestandFindDecRule), boostingdid signi®cantlyanduni-
formly betterthanbagging. The boostingerror rate was
worsethanthebaggingerrorrate(usingeitherpseudo-loss
or error)on a very small numberof benchmarkproblems,
andonthese,thedifferencein performancewasquitesmall.
Onaverage,for FindAttrT est, boostingimprovedtheerror
rateoverusingFindAttrT estaloneby 55.2%,comparedto
baggingwhich gave animprovementof only 11.0%using
pseudo-lossor 8.4%usingerror. For FindDecRule, boost-
ing improved the error rate by 53.0%, baggingby only
18.8%usingpseudo-loss,13.1%usingerror.

WhenusingC4.5astheweaklearningalgorithm,boost-
ing and bagging seemmore evenly matched,although
boostingstill seemsto have a slight advantage. On av-
erage,boostingimprovedtheerrorrateby 24.8%,bagging
by 20.0%.Boostingbeatbaggingby morethan2%on6 of
thebenchmarks,whilebaggingdidnotbeatboostingbythis
amounton any benchmark.For the remaining20 bench-
marks,thedifferencein performancewaslessthan2%.

Figure5showsin asimilarmannerhow C4.5performed
comparedto baggingwith C4.5, andcomparedto boosting
with eachof the weaklearners(usingpseudo-lossfor the
non-binaryproblems).As the®gureshows,usingboosting
with FindAttrT estdoesquitewell asa learningalgorithm
in its own right, in comparisonto C4.5. This algorithm
beatC4.5 on 10 of the benchmarks(by at least2%), tied
on 14, and lost on 3. As mentionedabove, its average
performancerelative to usingFindAttrT est by itself was
55.2%.In comparison,C4.5'simprovementin performance
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FindAttrT est FindDecRule C4.5
error pseudo-loss error pseudo-loss error

name ± boost bag boost bag ± boost bag boost bag ± boost bag
soybean-small 57.6 56.4 48.7 0.2 20.5 51.8 56.0 45.7 0.4 2.9 2.2 3.4 2.2
labor 25.1 8.8 19.1 24.0 7.3 14.6 15.8 13.1 11.3
promoters 29.7 8.9 16.6 25.9 8.3 13.7 22.0 5.0 12.7
iris 35.2 4.7 28.4 4.8 7.1 38.3 4.3 18.8 4.8 5.5 5.9 5.0 5.0
hepatitis 19.7 18.6 16.8 21.6 18.0 20.1 21.2 16.3 17.5
sonar 25.9 16.5 25.9 31.4 16.2 26.1 28.9 19.0 24.3
glass 51.5 51.1 50.9 29.4 54.2 49.7 48.5 47.2 25.0 52.0 31.7 22.7 25.7
audiology.stand 53.5 53.5 53.5 23.6 65.7 53.5 53.5 53.5 19.9 65.7 23.1 16.2 20.1
cleve 27.8 18.8 22.4 27.4 19.7 20.3 26.6 21.7 20.9
soybean-large 64.8 64.5 59.0 9.8 74.2 73.6 73.6 73.6 7.2 66.0 13.3 6.8 12.2
ionosphere 17.8 8.5 17.3 10.3 6.6 9.3 8.9 5.8 6.2
house-votes-84 4.4 3.7 4.4 5.0 4.4 4.4 3.5 5.1 3.6
votes1 12.7 8.9 12.7 13.2 9.4 11.2 10.3 10.4 9.2
crx 14.5 14.4 14.5 14.5 13.5 14.5 15.8 13.8 13.6
breast-cancer-w 8.4 4.4 6.7 8.1 4.1 5.3 5.0 3.3 3.2
pima-indians-di 26.1 24.4 26.1 27.8 25.3 26.4 28.4 25.7 24.4
vehicle 64.3 64.4 57.6 26.1 56.1 61.3 61.2 61.0 25.0 54.3 29.9 22.6 26.1
vowel 81.8 81.8 76.8 18.2 74.7 82.0 72.7 71.6 6.5 63.2 2.2 0.0 0.0
german 30.0 24.9 30.4 30.0 25.4 29.6 29.4 25.0 24.6
segmentation 75.8 75.8 54.5 4.2 72.5 73.7 53.3 54.3 2.4 58.0 3.6 1.4 2.7
hypothyroid 2.2 1.0 2.2 0.8 1.0 0.7 0.8 1.0 0.8
sick-euthyroid 5.6 3.0 5.6 2.4 2.4 2.2 2.2 2.1 2.1
splice 37.0 9.2 35.6 4.4 33.4 29.5 8.0 29.5 4.0 29.5 5.8 4.9 5.2
kr-vs-kp 32.8 4.4 30.7 24.6 0.7 20.8 0.5 0.3 0.6
satimage 58.3 58.3 58.3 14.9 41.6 57.6 56.5 56.7 13.1 30.0 14.8 8.9 10.6
agaricus-lepiot 11.3 0.0 11.3 8.2 0.0 8.2 0.0 0.0 0.0
letter-recognit 92.9 92.9 91.9 34.1 93.7 92.3 91.8 91.8 30.4 93.7 13.8 3.3 6.8

Table2: Testerrorratesof variousalgorithmson benchmarkproblems.

over FindAttrT estwas49.3%.
Using boostingwith FindDecRuledid somewhat bet-

ter. Thewin-tie-losenumbersfor thisalgorithm(compared
to C4.5) were13-12-2,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-neighborclassi®er. Wetestthecombinedalgorithm
ontheproblemof recognizinghandwrittendigits. Ourgoal
is not to improve on the accuracy of the nearestneighbor
classi®er, but ratherto speedit up. Speed-upis achievedby
reducingthe numberof prototypesin the hypothesis(and
thustherequirednumberof distancecalculations)without
increasingtheerrorrate. It is a similarapproachto thatof
nearest-neighborediting[12, 13] in whichonetriesto ®nd
the minimal setof prototypesthat is suf®cientto labelall
thetrainingsetcorrectly.

Thedatasetcomesfrom theUS PostalService(USPS)
andconsistsof 9709trainingexamplesand2007testexam-
ples. The training andtestexamplesareevidently drawn
from ratherdifferentdistributionsasthereis a verysigni®-
cantimprovementin theperformanceif thepartitionof the
datainto trainingandtestingis doneatrandom(ratherthan
using the given partition). We report resultsboth on the
original partitioningandon a trainingsetanda testsetof
thesamesizesthatweregeneratedbyrandomlypartitioning
theunionof theoriginal trainingandtestsets.

Eachimageis representedby a 16 � 16-matrixof 8-bit
pixels. The metric that we usefor identifying the near-
estneighbor, andhencefor classifyingan instance,is the

standardEuclideandistancebetweenthe images(viewed
as vectorsin �

256). This is a very naive metric, but it
gives reasonablygood performance. A nearest-neighbor
classi®erwhichusesall thetrainingexamplesasprototypes
achievesatesterrorof 5

Z

7%(2
Z

3%onrandomlypartitioned
data). Using the moresophisticatedtangentdistance[21]
is in our futureplans.

Eachweakhypothesisis de®nedby a subset� of the
trainingexamples,andamapping� : � j

" 0
W

13 4 . Givena
new testpoint U , suchaweakhypothesispredictsthevector

� TVU 0 Y

where U 0 a
� is theclosestpoint to U .

Oneachroundof boosting,aweakhypothesisis gener-
atedby addingoneprototypeata timeto theset � until the
setreachesaprespeci®edsize.Givenany set � , wealways
choosethe mapping � which minimizesthe pseudo-loss
of theresultingweakhypothesis(with respectto thegiven
mislabeldistribution).

Initially, the setof prototypes� is empty. Next, ten
candidateprototypesareselectedat randomaccordingto
thecurrent(marginal) distributionover the trainingexam-
ples. Of thesecandidates,the onethat causesthe largest
decreasein the pseudo-lossis addedto the set � , andthe
processis repeated.The boostingprocessthusin¯uences
theweaklearningalgorithmin twoways:®rst,by changing
theway thetenrandomexamplesareselected,andsecond
by changingthecalculationof thepseudo-loss.

It oftenhappensthat,on thefollowing roundof boost-
ing, thesameset � will have pseudo-losssigni®cantlyless
than1� 2 with respectto thenew mislabeldistribution(but
possiblyusinga differentmapping� ). In this case,rather
thanchoosinga new setof prototypes,we reusethe same
set � in additionalboostingstepsuntil the advantagethat
canbegainedfrom thegivenpartitionis exhausted(details
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Figure6: A sampleof theexamplesthat have thelargestweight
after3 of the 30 boostingiterations. The ®rstline is after itera-
tion 4, thesecondafteriteration12andthethird afteriteration25.
Underneatheachimagewehavealineof theform � :� 1 ��� 1,� 2 ��� 2,
where � is the labelof theexample,� 1 and � 2 arethe labelsthat
get the highestandsecondhighestvote from the combinedhy-
pothesisat thatpoint in the run of thealgorithm,and � 1, � 2 are
thecorrespondingnormalizedvotes.

omitted).
We ran 30 iterationsof the boostingalgorithm, and

the numberof prototypeswe usedwere 10 for the ®rst
weakhypothesis,20 for thesecond,40 for thethird, 80 for
thenext ®ve, and100 for the remainingtwenty-twoweak
hypotheses.Thesesizeswerechosenso that theerrorsof
all of theweakhypothesesareapproximatelyequal.

We comparedthe performanceof our algorithm to a
strawmanalgorithmwhich usesa singlesetof prototypes.
Similar to our algorithm,theprototypesetis generatedin-
crementally, comparingten prototypecandidatesat each
step,andalwayschoosingtheonethatminimizestheem-
pirical error. Wecomparedtheperformanceof theboosting
algorithmto thatof thestrawmanhypothesisthatusesthe
samenumberof prototypes. We alsocomparedour per-
formanceto that of the condensednearestneighborrule
(CNN) [13], a greedymethodfor ®ndinga small set of
prototypeswhichcorrectlyclassifytheentiretrainingset.

4.1 RESULTS AND DISCUSSION

The resultsof our experimentsaresummarizedin Ta-
ble 3 andFigure7. Table3 describestheresultsfrom ex-
perimentswith AdaBoost (eachexperimentwasrepeated
10 timesusingdifferentrandomseeds),the strawmanal-
gorithm(eachrepeated7 times), andCNN (7 times). We
comparetheresultsusingarandompartitionof thedatainto
trainingandtestingandusingthepartitionthatwasde®ned
by USPS.

Weseethatin bothcases,aftermorethan970examples,
the trainingerrorof AdaBoost is muchbetterthanthatof
the strawmanalgorithm. The performanceon the testset
is similar, with a slight advantageto AdaBoost whenthe
hypothesesincludemorethan1670examples,but a slight
advantagetostrawmanif fewerroundsof boostingareused.
After 2670examples,theerrorof AdaBoostontherandom
partition is (on average)2

Z

7%, while the error achieved
by using the whole training set is 2

Z

3%. On the random
partition,the ®nalerror is 6

Z

4%, while theerror usingthe
wholetrainingsetis 5

Z

7%.
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Figure7: Graphsof the performanceof the boostingalgorithm
on a randomlypartitionedUSPSdataset. The horizontal axis
indicatesthe total numberof prototypesthat wereaddedto the
combinedhypothesis,andthe vertical axis indicateserror. The
topmostjaggedline indicatesthe error of the weak hypothesis
that is trainedat this point on the weightedtraining set. The
bold curve is the boundon the training error calculatedusing
Theorem2. The lowest thin curve and the medium-boldcurve
show theperformanceof thecombinedhypothesisonthetraining
setandtestset,respectively.

Comparingto CNN, we seethat both the strawman
algorithm and AdaBoost perform better than CNN even
when they use about900 examplesin their hypotheses.
Largerhypothesesgeneratedby AdaBoostor strawmanare
muchbetterthanthatgeneratedby CNN.Themainproblem
with CNN seemsto be its tendency to over®tthe training
data.AdaBoostandthestrawmanalgorithmseemto suffer
lessfrom over®tting.

Figure7 shows a typical runof AdaBoost. Theupper-
mostjaggedline is aconcatenationof theerrorsof theweak
hypotheseswith respectto themislabeldistribution. Each
peakfollowedby avalley correspondsto thebeginningand
enderrorsof a weakhypothesisasit is beingconstructed,
oneprototypeat a time. Theweightederroralwaysstarts
around50% at the beginning of a boostingiterationand
dropsto around20-30%. The heaviest line describesthe
upperboundonthetrainingerrorthatisguaranteedby The-
orem2, andthetwo bottomlinesdescribethetrainingand
testerrorof the®nalcombinedhypothesis.

It is interestingthat the performanceof the boosting
algorithmon the test set improved signi®cantlyafter the
error on the training set hasalreadybecomezero. This
is surprisingbecauseanªOccam's razorºargumentwould
predict that increasingthe complexity of the hypothesis
aftertheerrorhasbeenreducedto zerois likely to degrade
theperformanceon thetestset.

Figure6 showsa sampleof theexamplesthataregiven
large weightsby the boostingalgorithmon a typical run.
Thereseemto betwo typesof ªhardº examples.First are
exampleswhichareveryatypicalor wrongly labeled(such
asexample2 on the®rstline andexamples3 and4 on the
secondline). Thesecondtype,whichtendsto dominateon
later iterations,consistsof examplesthat arevery similar
to eachotherbut have differentlabels(suchasexamples3
versus4 on the third line). Although thealgorithmat this
point wascorrecton all trainingexamples,it is clearfrom
the votesit assignedto differentlabelsfor theseexample
pairsthat it wasstill trying to improve the discrimination
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randompartition USPSpartition
AdaBoost Strawman CNN AdaBoost Strawman CNN

rnd size theory train test train test test(size) theory train test train test test(size)
1 10 524.6 45.9 46.1 37.9 38.3 536.3 42.5 43.1 36.1 37.6
5 230 86.4 6.3 8.5 4.9 6.2 83.0 5.1 12.3 4.2 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 3.3 0.2 0.0 7.0 0.6 7.1
25 2170 0.1 0.0 2.9 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: Averageerrorratesontrainingandtestsets,in percent.For columnslabeledªrandompartition,º arandompartitionof theunion
of thetrainingandtestsetswasused;ªUSPSpartitionºmeanstheUSPS-providedpartitioninto trainingandtestsetswasused.Columns
labeledªtheoryº give theoreticalupperboundson trainingerror calculatedusingTheorem2. ªSizeº indicatesnumberof prototypes
de®ningthe®nalhypothesis.

betweensimilar examples. This agreeswith our intuition
thatthepseudo-lossisamechanismthatcausestheboosting
algorithmto concentrateon thehardto discriminatelabels
of hardexamples.

5 CONCLUSIONS

Wehave demonstratedthatAdaBoostcanbeusedin many
settingsto improvetheperformanceof alearningalgorithm.
When starting with relatively simple classi®ers,the im-
provementcanbeespeciallydramatic,andcanoftenleadto
acompositeclassi®erthatoutperformsmorecomplex ªone-
shotº learningalgorithmslike C4.5. This improvementis
far greaterthancanbeachievedwith bagging.Note,how-
ever, that for non-binaryclassi®cationproblems,boosting
simpleclassi®erscanonly bedoneeffectively if the more
sophisticatedpseudo-lossis used.

When starting with a complex algorithm like C4.5,
boostingcan also be usedto improve performance,but
doesnot have sucha compellingadvantageover bagging.
Boostingcombinedwith acomplex algorithmmaygivethe
greatestimprovementin performancewhenthereis a rea-
sonablylargeamountof dataavailable(note,for instance,
boosting'sperformanceontheªletter-recognitionºproblem
with 16,000training examples). Naturally, one needsto
considerwhethertheimprovementin erroris worththead-
ditional computationtime. Althoughwe used100rounds
of boosting,Quinlan[19] got goodresultsusingonly 10
rounds.

Boostingmayhaveotherapplications,besidesreducing
theerrorof a classi®er. For instance,we saw in Section4
thatboostingcanbeusedto ®nda smallsetof prototypes
for a nearestneighborclassi®er.

Asdescribedin theintroduction,boostingcombinestwo
effects. It reducesthe biasof the weaklearnerby forcing
the weak learnerto concentrateon differentpartsof the
instancespace,andit alsoreducesthevarianceof theweak
learnerbyaveragingseveralhypothesesthatweregenerated
from differentsubsamplesof the trainingset. While there
is goodtheoryto explain thebiasreducingeffects,thereis
needfor abettertheoryof thevariancereduction.
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