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Abstract

Boostingis a generalmethodfor improving theaccuracy of any givenlearningalgorithm.
This shortoverview paperintroducestheboostingalgorithmAdaBoost,andexplainstheun-
derlying theoryof boosting,includingan explanationof why boostingoften doesnot suffer
from over�tting aswell asboosting's relationshipto support-vectormachines.Someexamples
of recentapplicationsof boostingarealsodescribed.

Intr oduction

A horse-racinggambler, hopingto maximizehis winnings,decidesto createa computerprogram
thatwill accuratelypredictthewinnerof a horseracebasedon theusualinformation(numberof
racesrecentlywon by eachhorse,bettingoddsfor eachhorse,etc.).To createsucha program,he
asksahighly successfulexpertgamblerto explainhisbettingstrategy. Not surprisingly, theexpert
is unableto articulateagrandsetof rulesfor selectingahorse.Ontheotherhand,whenpresented
with thedatafor aspeci�c setof races,theexperthasnotroublecomingupwith a“rule of thumb”
for thatsetof races(suchas,“Bet on thehorsethathasrecentlywon themostraces”or “Bet on
thehorsewith themostfavoredodds”).Althoughsucharuleof thumb,by itself, is obviouslyvery
roughandinaccurate,it is not unreasonableto expectit to provide predictionsthatareat leasta
little bit betterthanrandomguessing.Furthermore,by repeatedlyaskingtheexpert's opinionon
differentcollectionsof races,thegambleris ableto extractmany rulesof thumb.

In orderto usetheserulesof thumbto maximumadvantage,therearetwo problemsfacedby
thegambler:First, how shouldhechoosethecollectionsof racespresentedto theexpertsoasto
extractrulesof thumbfrom theexpertthatwill bethemostuseful?Second,oncehehascollected
many rulesof thumb,how canthey becombinedinto asingle,highly accuratepredictionrule?

Boosting refersto a generalandprovably effective methodof producinga very accuratepre-
diction rule by combiningroughandmoderatelyinaccuraterulesof thumbin a mannersimilar to
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thatsuggestedabove. This shortpaperoverviews someof therecentwork on boosting,focusing
especiallyontheAdaBoostalgorithmwhichhasundergoneintensetheoreticalstudyandempirical
testing.After introducingAdaBoost,wedescribesomeof thebasicunderlyingtheoryof boosting,
includinganexplanationof why it oftentendsnot to over�t. We alsodescribesomeexperiments
andapplicationsusingboosting.

Background

Boostinghasits rootsin a theoreticalframework for studyingmachinelearningcalledthe“PAC”
learningmodel,dueto Valiant [46]; seeKearnsandVazirani[32] for a goodintroductionto this
model.KearnsandValiant[30, 31] werethe�rst to posethequestionof whethera “weak” learn-
ing algorithmwhich performsjust slightly betterthanrandomguessingin thePAC modelcanbe
“boosted”into anarbitrarilyaccurate“strong” learningalgorithm.Schapire[38] cameupwith the
�rst provablepolynomial-timeboostingalgorithmin 1989. A yearlater, Freund[17] developed
a muchmoreef�cient boostingalgorithmwhich, althoughoptimal in a certainsense,neverthe-
lesssufferedfrom certainpracticaldrawbacks. The �rst experimentswith theseearly boosting
algorithmswerecarriedoutby Drucker, SchapireandSimard[16] onanOCRtask.

AdaBoost

The AdaBoostalgorithm,introducedin 1995by FreundandSchapire[23], solved many of the
practicaldif�culties of theearlierboostingalgorithms,andis thefocusof this paper. Pseudocode
for AdaBoostis givenin Fig. 1. Thealgorithmtakesasinput a trainingset ���������	��
���
�
�
���������������

whereeach��� belongsto somedomain or instance space � , andeachlabel �	� is in somelabel
set � . For mostof this paper, we assume� � ��� �!��"#�%$ ; later, we discussextensionsto the
multiclasscase.AdaBoostcallsa givenweak or base learning algorithm repeatedlyin a seriesof
rounds&'�(�!��
�
�
��*) . Oneof themainideasof thealgorithmis to maintaina distributionor setof
weightsover the trainingset. Theweightof this distribution on trainingexample + on round & is
denoted,.-/��+0
 . Initially, all weightsaresetequally, but on eachround,theweightsof incorrectly
classi�edexamplesareincreasedsothattheweaklearneris forcedto focuson thehardexamples
in thetrainingset.

Theweaklearner's job is to �nd a weak hypothesis 12-435� 6 ���7�%��"#�%$ appropriatefor the
distribution ,8- . Thegoodnessof aweakhypothesisis measuredby its error

9 -:�<;>=��@?�A2B�CD1E-�������
GF�H���JIK� L�JM N�BPORQ�SUTWVXZY S ,#-���+0
�


Notice that the error is measuredwith respectto the distribution ,[- on which the weaklearner
wastrained.In practice,theweaklearnermaybeanalgorithmthatcanusetheweights ,\- on the
trainingexamples.Alternatively, whenthis is not possible,a subsetof the trainingexamplescan
besampledaccordingto ,8- , andthese(unweighted)resampledexamplescanbeusedto train the
weaklearner.

Relatingbackto thehorse-racingexample,theinstances�:� correspondto descriptionsof horse
races(suchaswhich horsesarerunning,whataretheodds,the trackrecordsof eachhorse,etc.)
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Given: ���:�����	�/
���
�
 
�������� �*� ��
 where��� � � , � � � � � ��� �!��"#�%$
Initialize ,[� �P+ 
>� � ��� .
For & � �!��
�
�
��*) :� Trainweaklearnerusingdistribution , - .� Getweakhypothesis1�- 3!� 6 ��� �!��"#�%$ with error

9 - �H; =/�@?�A B CR1Z-�������
GF�H� �UI 
� Choose� -:� ��	��

� � � 9 -9 -�� .� Update:

,#-��K� ��+0
 � ,#-/�P+ 
� - ��������� B if 1Z-�������
 � � �� � B if 1Z-�������
GF� � �
� ,#-/�P+ 
���� �5�/�!� -�� ��1Z-�������
*
� -

where
� - is anormalizationfactor(chosensothat , -��K� will beadistribution).

Outputthe�nal hypothesis: "
���K
>�$#&%�' 
)(+*L- X � � -W1E-����K
-, 


Figure1: TheboostingalgorithmAdaBoost.

and the labels �%� give the outcomes(i.e., the winners)of eachrace. The weakhypothesesare
therulesof thumbprovidedby theexpertgamblerwherethesubcollectionsthatheexaminesare
chosenaccordingto thedistribution , - .

Oncethe weakhypothesis1�- hasbeenreceived,AdaBoostchoosesa parameter� - asin the
�gure. Intuitively, � - measurestheimportancethatis assignedto 1�- . Notethat � -/.10 if 9 -32 � �54
(whichwecanassumewithout lossof generality),andthat ��- getslargeras 9 - getssmaller.

Thedistribution ,8- is next updatedusingtherule shown in the �gure. Theeffect of this rule
is to increasetheweightof examplesmisclassi�edby 12- , andto decreasetheweightof correctly
classi�edexamples.Thus,theweighttendsto concentrateon“hard” examples.

Thefinal hypothesis

"
is a weightedmajority voteof the ) weakhypotheseswhere �>- is the

weightassignedto 1�- .
SchapireandSinger[42] show how AdaBoostandits analysiscanbeextendedto handleweak

hypotheseswhichoutputreal-valuedor confidence-rated predictions.Thatis, for eachinstance� ,
theweakhypothesis1�- outputsa prediction 1�-����K
 �76 whosesign is thepredictedlabel ( � � or
"#� ) andwhosemagnitude8 1E-����K
98 givesameasureof “con�dence” in theprediction.In thispaper,
however, we focusonly on thecaseof binary( ���7�!� ".� $ ) valuedweak-hypothesispredictions.
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Figure2: Error curvesandthemargin distributiongraphfor boostingC4.5on theletterdatasetas
reportedby Schapireet al. [41]. Left: the trainingandtesterrorcurves(lower anduppercurves,
respectively) of the combinedclassi�er asa function of the numberof roundsof boosting. The
horizontallinesindicatethetesterrorrateof thebaseclassi�er aswell asthetesterrorof the�nal
combinedclassi�er. Right: Thecumulativedistributionof marginsof thetrainingexamplesafter5,
100and1000iterations,indicatedby short-dashed,long-dashed(mostlyhidden)andsolidcurves,
respectively.

Analyzing the training error

Themostbasictheoreticalpropertyof AdaBoostconcernsits ability to reducethetrainingerror.
Let us write the error 9 - of 1Z- as �� ���	- . Sincea hypothesisthat guesseseachinstance's class
at randomhasanerror rateof � � 4 (on binaryproblems),�E- thusmeasureshow muchbetterthan
randomare 1E- 'spredictions.FreundandSchapire[23] provethatthetrainingerror(thefractionof
mistakeson thetrainingset)of the�nal hypothesis

"
is atmost

�
-
� 4�� 9 -�� ��� 9 -W
��G� � - � � �	�
� �- 2 � � � ( � 4 L - � �- , 
 (1)

Thus,if eachweakhypothesisis slightly betterthanrandomsothat ��- .�� for some�	� 0 , then
thetrainingerrordropsexponentiallyfast.

A similar propertyis enjoyedby previousboostingalgorithms.However, previousalgorithms
requiredthatsucha lower bound� beknown a priori beforeboostingbegins. In practice,knowl-
edgeof sucha boundis verydif�cult to obtain.AdaBoost,on theotherhand,is adaptive in thatit
adaptsto theerrorratesof theindividualweakhypotheses.This is thebasisof its name— “Ada”
is shortfor “adaptive.”

The boundgiven in Eq. (1), combinedwith the boundson generalizationerror given below,
prove that AdaBoostis indeeda boostingalgorithm in the sensethat it can ef�ciently convert
a weak learningalgorithm(which canalways generatea hypothesiswith a weakedgefor any
distribution) into a stronglearningalgorithm(which cangeneratea hypothesiswith anarbitrarily
low errorrate,givensuf�cient data).
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Figure3: Comparisonof C4.5versusboostingstumpsandboostingC4.5onasetof 27benchmark
problemsasreportedby FreundandSchapire[21]. Eachpoint in eachscatterplotshows the test
errorrateof thetwo competingalgorithmsonasinglebenchmark.The � -coordinateof eachpoint
givesthe testerror rate(in percent)of C4.5on thegivenbenchmark,andthe � -coordinategives
theerrorrateof boostingstumps(left plot) or boostingC4.5(right plot). All errorrateshavebeen
averagedovermultiple runs.

Generalizationerror

FreundandSchapire[23] showedhow to boundthegeneralizationerrorof the�nal hypothesisin
termsof its trainingerror, thesamplesize� , theVC-dimension� of theweakhypothesisspaceand
thenumberof boostingrounds� . (TheVC-dimensionis a standardmeasureof the“complexity”
of a spaceof hypotheses.See,for instance,Blumeret al. [5].) Speci�cally, they usedtechniques
from BaumandHaussler[4] to show thatthegeneralizationerror, with highprobability, is atmost����
	���
 ������ ������������� � ��"!#
where

����
	%$ � denotesempiricalprobabilityon thetrainingsample.Thisboundsuggeststhatboost-
ing will over�t if run for too many rounds,i.e., as � becomeslarge. In fact,this sometimesdoes
happen.However, in earlyexperiments,severalauthors[9, 15,36]observedempiricallythatboost-
ing oftendoesnot over�t, evenwhenrun for thousandsof rounds.Moreover, it wasobservedthat
AdaBoostwouldsometimescontinueto drivedown thegeneralizationerrorlongafterthetraining
errorhadreachedzero,clearlycontradictingthespirit of theboundabove. For instance,the left
sideof Fig. 2 shows the training andtestcurvesof runningboostingon top of Quinlan's C4.5
decision-treelearningalgorithm[37] on the“letter” dataset.

In responseto theseempirical�ndings, Schapireetal. [41], following thework of Bartlett[2],
gave an alternative analysisin termsof the margins of the training examples. The margin of
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Figure 4: Comparisonof error ratesfor AdaBoostand four other text categorizationmethods
(naive Bayes,probabilisticTF-IDF, Rocchioandsleepingexperts)as reportedby Schapireand
Singer[43]. The algorithmsweretestedon two text corpora— Reutersnewswire articles(left)
andAP newswireheadlines(right) — andwith varyingnumbersof classlabelsasindicatedonthe
� -axisof each�gure.

example ��� ���Z
 is de�ned to be
� L - � -W1Z-����K

L - � - 
 (2)

It is anumberin C@� �!��"#� I whichis positiveif andonly if

"
correctlyclassi�estheexample.More-

over, themagnitudeof themargin canbeinterpretedasa measureof con�dencein theprediction.
Schapireet al. provedthatlargermarginson thetrainingsettranslateinto a superiorupperbound
on thegeneralizationerror. Speci�cally, thegeneralizationerroris atmost�; =5C ��� =&' % 
 ��� �*�E
 2 � I�" �� ��
	 �� � �
�� (3)

for any
� � 0 with highprobability. Notethatthisboundis entirelyindependentof ) , thenumber

of roundsof boosting.In addition,Schapireetal. provedthatboostingis particularlyaggressiveat
reducingthemargin (in aquanti�ablesense)sinceit concentratesontheexampleswith thesmallest
margins(whetherpositive or negative). Boosting's effect on themarginscanbeseenempirically,
for instance,on theright sideof Fig. 2 which shows thecumulativedistributionof marginsof the
trainingexampleson the “letter” dataset.In this case,evenafter the trainingerror reacheszero,
boostingcontinuesto increasethemarginsof thetrainingexampleseffectingacorrespondingdrop
in thetesterror.

Attempts(not alwayssuccessful)to usetheinsightsgleanedfrom thetheoryof marginshave
beenmadeby severalauthors[7, 27,34].

Thebehavior of AdaBoostcanalsobeunderstoodin a game-theoreticsettingasexploredby
FreundandSchapire[22, 24] (seealsoGroveandSchuurmans[27] andBreiman[8]). In particular,
boostingcanbeviewedasrepeatedplay of a certaingame,andAdaBoostcanbeshown to bea

6



specialcaseof amoregeneralalgorithmfor playingrepeatedgamesandfor approximatelysolving
agame.Thisalsoshowsthatboostingis closelyrelatedto linearprogrammingandonlinelearning.

Relation to support-vector machines

Themargin theorypointsto astrongconnectionbetweenboostingandthesupport-vectormachines
of Vapnikandothers[6, 12, 47]. To clarify theconnection,supposethatwe have alreadyfound
theweakhypothesesthatwe wantto combineandareonly interestedin choosingthecoef�cients� - . Onereasonableapproachsuggestedby the analysisof AdaBoost's generalizationerror is to
choosethe coef�cients so that the boundgiven in Eq. (3) is minimized. In particular, suppose
that the �rst term is zero and let us concentrateon the secondterm so that we are effectively
attemptingto maximizetheminimum margin of any trainingexample.1 To make this ideaprecise,
let us denotethe vector of weak-hypothesispredictionsassociatedwith the example ��� �*�E
 by� ���K
 
��� 1K�����K
���1 � ���K
���
�
�
���1�� ���K
�� whichwecall theinstance vector andthevectorof coef�cients
by � 
��� ����� � � ��
�
 
 � �	�
� which we call theweight vector. Usingthis notationandthede�nition
of margin givenin Eq.(2) wecanwrite thegoalof maximizingtheminimummargin as��� �� � % 
� ���
� � �����P
�
/���8�8�� 8�8 8�8 � ������
 8�8 (4)

where,for boosting,thenormsin thedenominatorarede�ned as:8�8�� 8 8R� 
�<L - 8 � - 8 � 8�8 � ���K
98 8�� 
� ��� �- 8 1Z-����K
98%

(Whenthe 1E- 's all have range��� �!��"#�%$ , 8�8 � ���K
 8�8�� is simplyequalto � .)

In comparison,theexplicit goalof support-vectormachinesis to maximizea minimal margin
of theform describedin Eq.(4), but wherethenormsareinsteadEuclidean:8 8�� 8 8 � 
� 	

L - � �- � 8 8 � ���K
98 8 � 
� 	
L - 1Z-����K


� 

Thus,SVM's usethe � � normfor boththeinstancevectorandtheweightvector, while AdaBoost
usesthe ��� normfor theinstancevectorand �%� normfor theweightvector.

Whendescribedin this manner, SVM andAdaBoostseemvery similar. However, thereare
severalimportantdifferences:� Different norms can result in very different margins. Thedifferencebetweenthenorms

��� , � � and ��� maynotbeverysigni�cant whenoneconsiderslow dimensionalspaces.How-
ever, in boostingor in SVM, the dimensionis usuallyvery high, often in the millions or
more. In sucha case,thedifferencebetweenthenormscanresultin very largedifferences

1Of course, AdaBoost does not explicitly attempt to maximize the minimal margin. Nevertheless, Schapire
et al.’s [41] analysis suggests that the algorithm does try to make the margins of all the training examples as large
as possible, so in this sense, we can regard this maximum minimal margin algorithm as an illustrative approximation
of AdaBoost. In fact, algorithms that explicitly attempt to maximize minimal margin have not been experimentally as
successful as AdaBoost [7, 27].
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in the margin values. This seemsto be especiallyso whenthereareonly a few relevant
variablessothat � canbevery sparse.For instance,supposetheweakhypothesesall have
range��� �!��"#�%$ andthatthelabel � on all examplescanbecomputedby a majorityvoteof

�
of theweakhypotheses.In this case,it canbeshown that if thenumberof relevantweak

hypotheses
�

is a small fraction of the total numberof weakhypothesesthenthe margin
associatedwith AdaBoostwill bemuchlarger thantheoneassociatedwith supportvector
machines.� The computation requirements are different. The computationinvolved in maximizing
themargin is mathematicalprogramming,i.e.,maximizingamathematicalexpressiongiven
asetof inequalities.Thedifferencebetweenthetwo methodsin thisregardis thatSVM cor-
respondsto quadratic programming, while AdaBoostcorrespondsonly to linear program-
ming. (In fact, asnotedabove, thereis a deeprelationshipbetweenAdaBoostandlinear
programmingwhichalsoconnectsAdaBoostwith gametheoryandonlinelearning[22].)� A different approach is used to search efficiently in high dimensional space. Quadratic
programmingis morecomputationallydemandingthanlinearprogramming.However, there
is amuchmoreimportantcomputationaldifferencebetweenSVM andboostingalgorithms.
Part of thereasonfor theeffectivenessof SVM andAdaBoostis thatthey �nd linearclassi-
�ers for extremelyhighdimensionalspaces,sometimesspacesof in�nite dimension.While
theproblemof over�tting is addressedby maximizingthemargin, thecomputationalprob-
lemassociatedwith operatingin highdimensionalspacesremains.Supportvectormachines
dealwith this problemthroughthe methodof kernels which allow algorithmsto perform
low dimensionalcalculationsthataremathematicallyequivalentto innerproductsin a high
dimensional“virtual” space. The boostingapproachis insteadto employ greedy search:
from thisperspective,theweaklearneris anoraclefor �nding coordinatesof

� ���K
 thathave
a non-negligible correlationwith thelabel � . Thereweightingof theexampleschangesthe
distributionwith respectto which thecorrelationis measured,thusguidingtheweaklearner
to �nd differentcorrelatedcoordinates.Most of theactualwork involvedin applyingSVM
or AdaBoostto speci�c classi�cationproblemshasto dowith selectingtheappropriateker-
nel functionin theonecaseandweaklearningalgorithmin theother. As kernelsandweak
learningalgorithmsarevery different,the resultinglearningalgorithmsusuallyoperatein
verydifferentspacesandtheclassi�ersthatthey generateareextremelydifferent.

Multiclass classi�cation

Sofar, we have only consideredbinaryclassi�cationproblemsin which thegoal is to distinguish
betweenonly two possibleclasses.Many (perhapsmost)real-world learningproblems,however,
aremulticlass with morethantwo possibleclasses.Thereareseveralmethodsof extendingAda-
Boostto themulticlasscase.

Themoststraightforwardgeneralization[23], calledAdaBoost.M1,is adequatewhentheweak
learneris strongenoughto achievereasonablyhighaccuracy, evenontheharddistributionscreated
by AdaBoost.However, thismethodfails if theweaklearnercannotachieveat least50%accuracy
whenrunon theseharddistributions.
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Figure 5: A sampleof the examplesthat have the largestweight on an OCR task as reported
by Freundand Schapire[21]. Theseexampleswere chosenafter 4 roundsof boosting(top
line), 12 rounds(middle) and25 rounds(bottom). Underneatheachimageis a line of the form�
: ��� ��� � ,� � ��� � , where

�
is thelabelof theexample,�%� and � � arethelabelsthatgetthehighestand

secondhighestvotefrom thecombinedhypothesisat thatpoint in therunof thealgorithm,and
� � ,

� � arethecorrespondingnormalizedscores.

For thelattercase,severalmoresophisticatedmethodshave beendeveloped.Thesegenerally
work by reducingthemulticlassproblemto a largerbinaryproblem. SchapireandSinger's [42]
algorithm AdaBoost.MHworks by creatinga set of binary problems,for eachexample � and
eachpossiblelabel � , of the form: “For example � , is thecorrectlabel � or is it oneof theother
labels?”FreundandSchapire's [23] algorithmAdaBoost.M2(which is a specialcaseof Schapire
andSinger's [42] AdaBoost.MRalgorithm)insteadcreatesbinaryproblems,for eachexample �
with correctlabel � andeachincorrect label � � of theform: “For example� , is thecorrectlabel �
or � � ?”

Thesemethodsrequireadditionaleffort in thedesignof theweaklearningalgorithm. A dif-
ferenttechnique[39], which incorporatesDietterichandBakiri's [14] methodof error-correcting
outputcodes,achievessimilar provableboundsto thoseof AdaBoost.MHandAdaBoost.M2,but
canbe usedwith any weaklearnerwhich canhandlesimple,binary labeleddata. Schapireand
Singer[42] giveyetanothermethodof combiningboostingwith error-correctingoutputcodes.
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Experimentsand applications

Practically, AdaBoosthasmany advantages.It is fast, simpleand easyto program. It hasno
parametersto tune (except for the numberof round ) ). It requiresno prior knowledgeabout
theweaklearnerandsocanbe�e xibly combinedwith any methodfor �nding weakhypotheses.
Finally, it comeswith a setof theoreticalguaranteesgivensuf�cient dataanda weaklearnerthat
canreliablyprovideonly moderatelyaccurateweakhypotheses.This is a shift in mindsetfor the
learning-systemdesigner:insteadof trying to designa learningalgorithmthatis accurateover the
entirespace,we caninsteadfocuson �nding weaklearningalgorithmsthatonly needto bebetter
thanrandom.

On theotherhand,somecaveatsarecertainlyin order. Theactualperformanceof boostingon
aparticularproblemis clearlydependenton thedataandtheweaklearner. Consistentwith theory,
boostingcanfail to performwell giveninsuf�cient data,overly complex weakhypothesesor weak
hypotheseswhich aretoo weak. Boostingseemsto beespeciallysusceptibleto noise[13] (more
on this later).

AdaBoosthasbeentestedempiricallybymany researchers,including[3, 13,15, 29, 33, 36,45].
For instance,FreundandSchapire[21] testedAdaBooston a setof UCI benchmarkdatasets[35]
usingC4.5[37] asaweaklearningalgorithm,aswell asanalgorithmwhich�nds thebest“decision
stump”or single-testdecisiontree.Someof theresultsof theseexperimentsareshown in Fig. 3.
As can be seenfrom this �gure, even boostingthe weak decisionstumpscan usually give as
goodresultsasC4.5,while boostingC4.5generallygivesthedecision-treealgorithmasigni�cant
improvementin performance.

In anothersetof experiments,SchapireandSinger[43] usedboostingfor text categorization
tasks.For this work, weakhypotheseswereusedwhich teston thepresenceor absenceof a word
or phrase. Someresultsof theseexperimentscomparingAdaBoostto four other methodsare
shown in Fig. 4. In nearlyall of theseexperimentsandfor all of theperformancemeasurestested,
boostingperformedaswell or signi�cantly betterthantheothermethodstested.Boostinghasalso
beenappliedto text �ltering [44], “ranking” problems[19] andclassi�cationproblemsarisingin
naturallanguageprocessing[1, 28].

The generalizationof AdaBoostby Schapireand Singer[42] provides an interpretationof
boostingasa gradient-descentmethod. A potentialfunction is usedin their algorithmto asso-
ciatea cost with eachexamplebasedon its currentmargin. Using this potentialfunction, the
operationof AdaBoostcanbe interpretedasa coordinate-wisegradientdescentin the spaceof
linear classi�ers (over weakhypotheses).Basedon this insight, onecandesignalgorithmsfor
learningpopularclassi�cationrules.In recentwork, CohenandSinger[11] showedhow to apply
boostingto learnrule listssimilar to thosegeneratedby systemslikeRIPPER[10], IREP[26] and
C4.5rules[37]. In otherwork, FreundandMason[20] showedhow to applyboostingto learna
generalizationof decisiontreescalled“alternatingtrees.”

A nice propertyof AdaBoostis its ability to identify outliers, i.e., examplesthat areeither
mislabeledin thetrainingdata,or whichareinherentlyambiguousandhardto categorize.Because
AdaBoostfocusesits weighton thehardestexamples,theexampleswith thehighestweightoften
turn out to beoutliers.An exampleof this phenomenoncanbeseenin Fig. 5 takenfrom anOCR
experimentconductedby FreundandSchapire[21].

When the numberof outliers is very large, the emphasisplacedon the hard examplescan
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becomedetrimentalto theperformanceof AdaBoost.This wasdemonstratedvery convincingly
byDietterich[13]. Friedmanetal. [25] suggestedavariantof AdaBoost,called“GentleAdaBoost”
which putslessemphasison outliers. In recentwork, Freund[18] suggestedanotheralgorithm,
called“BrownBoost,” which takesa moreradicalapproachthat de-emphasizesoutlierswhenit
seemsclearthatthey are“too hard” to classifycorrectly. This algorithmis anadaptiveversionof
Freund's [17] “boost-by-majority”algorithm. This work, togetherwith Schapire's [40] work on
“drifting games,” revealsomeinterestingnew relationshipsbetweenboosting,Brownianmotion,
andrepeatedgameswhile raisingmany new openproblemsanddirectionsfor futureresearch.
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