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Abstract
Boostingis a generaimethodfor impraving the accurag of ary givenlearningalgorithm.
This shortovervien paperintroduceshe boostingalgorithmAdaBoost,andexplainsthe un-
derlying theoryof boosting,including an explanationof why boostingoften doesnot suffer
from over tting aswell asboostings relationshipto support-ectormachinesSomeexamples
of recentapplication®f boostingarealsodescribed.

Intr oduction

A horse-racinggambley hopingto maximizehis winnings,decidego createa computerprogram
thatwill accuratelypredictthe winnerof a horseracebasedon the usualinformation(numberof
racesrecentlywon by eachhorse bettingoddsfor eachhorse etc.). To createsucha programhe
asksa highly successfuéxpertgamblerto explain his bettingstratey. Not surprisingly the expert
is unableto articulatea grandsetof rulesfor selectingahorse.Ontheotherhand,whenpresented
with thedatafor aspeci ¢ setof racestheexperthasno troublecomingup with a*“rule of thumb”
for thatsetof races(suchas,“Bet on the horsethat hasrecentlywon the mostraces”or “Bet on
thehorsewith themostfavoredodds”). Althoughsucharule of thumb,by itself, is obviously very
roughandinaccuratejt is not unreasonabléo expectit to provide predictionsthatareat leasta
little bit betterthanrandomguessing.Furthermoreby repeatedlyaskingthe expert's opinionon
differentcollectionsof racesthe gambleris ableto extractmary rulesof thumb

In orderto usetheserulesof thumbto maximumadwantagetherearetwo problemsfacedby
the gambler:First, how shouldhe choosethe collectionsof racespresentedo the expertsoasto
extractrulesof thumbfrom the expertthatwill bethe mostuseful?Secondpncehe hascollected
mary rulesof thumb,how canthey be combinednto a single,highly accurateredictionrule?

Boosting refersto a generaland provably effective methodof producinga very accurateore-
diction rule by combiningroughandmoderatelyinaccurateulesof thumbin a mannersimilar to
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thatsuggeste@bore. This shortpaperoverviens someof the recentwork on boosting focusing
especiallyonthe AdaBoostalgorithmwhichhasundegoneintenseheoreticaktudyandempirical
testing.After introducingAdaBoostwe describesomeof thebasicunderlyingtheoryof boosting,
includingan explanationof why it oftentendsnotto over t. We alsodescribesomeexperiments
andapplicationausingboosting.

Background

Boostinghasits rootsin atheoreticaframewnork for studyingmachinelearningcalledthe “PAC”

learningmodel,dueto Valiant[46]; seeKearnsandVazirani[32] for a goodintroductionto this
model.KearnsandValiant[30, 31] werethe rst to posethe questionof whethera “weak” learn-
ing algorithmwhich performsjust slightly betterthanrandomguessingn the PAC modelcanbe
“boosted’into anarbitrarily accuraté'strong” learningalgorithm.Schapirg38] cameup with the
rst provable polynomial-timeboostingalgorithmin 1989. A yearlater, Freund[17] developed
a muchmoreef cient boostingalgorithmwhich, althoughoptimal in a certainsenseneverthe-
lesssufferedfrom certainpracticaldravbacks. The rst experimentswith theseearly boosting
algorithmswerecarriedout by Drucker, SchapireandSimard[16] onanOCRtask.

AdaBoost

The AdaBoostalgorithm, introducedin 1995by Freundand Schapire[23], solved mary of the
practicaldif culties of the earlierboostingalgorithms,andis the focusof this paper Pseudocode
for AdaBoostis givenin Fig. 1. Thealgorithmtakesasinputatrainingset
whereeach belongsto somedomain or instance space , andeachlabel isin somelabel
set . For mostof this paper we assume ; later, we discussextensionsto the
multiclasscase.AdaBoostcallsa givenweak or base learning algorithm repeatedlyn a seriesof
rounds . Oneof themainideasof the algorithmis to maintaina distribution or setof
weightsover the training set. The weightof this distribution on trainingexample onround is
denoted . Initially, all weightsaresetequally but on eachround,the weightsof incorrectly
classi edexamplesareincreasedothatthe weaklearneris forcedto focuson the hardexamples
in thetrainingset.

Theweaklearnersjob is to nd aweak hypothesis appropriateor the
distribution . Thegoodnes®f aweakhypothesiss measuredby its error

Notice thatthe erroris measuredvith respecto the distribution ~ on which the weaklearner
wastrained.In practice the weaklearnermaybeanalgorithmthatcanusetheweights  onthe
training examples.Alternatively, whenthis is not possible a subsef the trainingexamplescan
besampledaccordingo , andthese(unweightedyesampledxamplescanbe usedto trainthe
weaklearner

Relatingbackto thehorse-racingxample theinstances correspondo description®f horse
races(suchaswhich horsesarerunning,whatarethe odds,the track recordsof eachhorse,etc.)
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Given: where ,
Initialize
For

Trainweaklearnerusingdistribution

Getweakhypothesis with error
Choose - — .
Update:
if
if
where is anormalizatiorfactor(chosersothat will beadistribution).

Outputthe nal hypothesis:

Figurel: TheboostingalgorithmAdaBoost.

andthe labels give the outcomeg(i.e., the winners)of eachrace. The weak hypothesesre
therulesof thumbprovided by the expertgamblerwherethe subcollectionghathe examinesare
choseraccordingo thedistribution

Oncethe weakhypothesis hasbeenreceved, AdaBoostchooses parameter asin the
gure. Intuitively, measuretheimportancehatis assignedo . Notethat if
(whichwe canassumavithoutlossof generality) andthat  getslargeras getssmaller

Thedistribution  is next updatedusingtherule shavn in the gure. Theeffect of thisrule
is to increasehe weightof examplesmisclassi edby , andto decreaséhe weightof correctly
classi edexamples.Thus,theweighttendsto concentrat®n “hard” examples.

Thefinal hypothesis  is aweightedmajority vote of the weakhypothesesvhere isthe
weightassignedo

SchapireandSinger[42] shav how AdaBoostandits analysiscanbe extendedo handleweak
hypothesesvhich outputreal-\aluedor confidence-rated predictions.Thatis, for eachinstance ,

the weakhypothesis outputsa prediction whosesignis the predictediabel(  or
) andwhosemagnitude givesameasuref “con dence” in theprediction.In this papey
however, we focusonly on the caseof binary( ) valuedweak-hypothesipredictions.
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Figure2: Error curvesandthe maugin distribution graphfor boostingC4.5on the letterdatasets
reportedby Schapireetal. [41]. Left: thetrainingandtesterror curves(lower anduppercurves,
respectrely) of the combinedclassi er asa function of the numberof roundsof boosting. The
horizontallinesindicatethetesterrorrateof the baseclassi er aswell asthetesterrorof the nal

combinedlassi er. Right: Thecumulatvedistributionof maiginsof thetrainingexamplesafter5,
100and1000iterationsjndicatedby short-dashedpng-dashedmostly hidden)andsolid curwes,
respectrely.

Analyzing the training error

The mostbasictheoreticalpropertyof AdaBoostconcernsts ability to reducethe trainingerror.

Let uswrite theerror of as- . Sincea hypothesighat guessegachinstances class
atrandomhasan error rate of (on binary problems), thusmeasurefiov muchbetterthan
randomare 'spredictions.FreundandSchapird23] prove thatthetrainingerror(thefractionof

mistalesonthetrainingset)of the nal hypothesis isatmost

(1)

Thus,if eachweakhypothesiss slightly betterthanrandomsothat for some , then
thetrainingerrordropsexponentiallyfast.

A similar propertyis enjoyed by previous boostingalgorithms.However, previousalgorithms
requiredthatsucha lowerbound beknown a priori beforeboostingbegins. In practice knowl-
edgeof suchaboundis very dif cult to obtain.AdaBoost,ontheotherhand,is adaptive in thatit
adaptgo theerrorratesof theindividualweakhypothesesThis is the basisof its name— “Ada”
is shortfor “adaptve”

The boundgivenin Eq. (1), combinedwith the boundson generalizatiorerror given belaw,
prove that AdaBoostis indeeda boostingalgorithmin the sensethatit canefciently corvert
a weak learningalgorithm (which can always generatea hypothesiswith a weak edgefor ary
distribution) into a stronglearningalgorithm(which cangeneratex hypothesisvith anarbitrarily
low errorrate,givensufcient data).
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Figure3: Comparisorof C4.5versushoostingstumpsandboostingC4.5onasetof 27 benchmark
problemsasreportedby FreundandSchapirg21]. Eachpointin eachscatterploshaws the test

errorrateof thetwo competingalgorithmson a singlebenchmarkThe -coordinateof eachpoint

givesthetesterrorrate (in percent)of C4.50n the givenbenchmarkandthe -coordinategives

theerrorrateof boostingstumpg(left plot) or boostingC4.5(right plot). All errorrateshave been
averagedover multiple runs.

Generalizationerror

FreundandSchapirg23] shavedhow to boundthe generalizatiorerrorof the nal hypothesisn
termsof its trainingerror, thesamplesize , theVC-dimension of theweakhypothesispacend
the numberof boostingrounds . (TheVC-dimensions a standardneasuref the “complexity”
of a spaceof hypothesesSee for instanceBlumeretal. [5].) Speci cally, they usedtechniques
from BaumandHausslef4] to shav thatthegeneralizatiorerror, with high probability, is at most

where denotesempiricalprobabilityon thetrainingsample.This boundsuggestshatboost-
ing will overt if runfor too mary rounds,i.e.,as becomedarge. In fact,this sometimesloes
happenHowever, in earlyexperimentsseveralauthord9, 15,36] obseredempiricallythatboost-
ing oftendoesnot over t, evenwhenrunfor thousand®f rounds.Moreover, it wasobseredthat
AdaBoostwould sometimegontinueto drive down thegeneralizatiorerrorlong afterthetraining
errorhadreachedzero, clearly contradictingthe spirit of the boundabove. For instancethe left
side of Fig. 2 shaws the training andtest curves of running boostingon top of Quinlan's C4.5
decision-tredearningalgorithm[37] onthe“letter” dataset.
In responsao theseempirical ndings, Schapireetal. [41], following thework of Bartlett[2],

gave an alternatve analysisin termsof the margins of the training examples. The mamgin of
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Figure 4: Comparisonof error ratesfor AdaBoostand four othertext categorizationmethods

(naive Bayes,probabilisticTF-IDF, Rocchioand sleepingexperts)asreportedby Schapireand

Singer[43]. Thealgorithmsweretestedon two text corpora— Reutersnewvswire articles(left)

andAP newswireheadlinegright) — andwith varyingnumbersof classlabelsasindicatedonthe
-axisof each gure.

example is de nedto be
(2)

It isanumberin whichis positiveif andonlyif  correctlyclassi estheexample.More-
over, themagnitudeof the mamgin canbeinterpretecasa measuref con dencein theprediction.
Schapireetal. provedthatlarger mamgins on thetraining settranslatanto a superiorupperbound
onthegeneralizatiorerror Speci cally, thegeneralizatiorerroris atmost

— (3)

for ary with high probability. Notethatthis boundis entirelyindependendf , thenumber
of roundsof boosting.In addition,Schapireetal. provedthatboostings particularlyaggressie at
reducinghemauigin (in aquanti ablesenseyinceit concentratesntheexampleswith thesmallest
maigins (whetherpositive or negative). Boostings effect on the maigins canbe seenempirically,
for instancepn theright sideof Fig. 2 which shavs the cumulatve distribution of magins of the
training exampleson the “letter” dataset.In this case,even afterthe training errorreachesero,
boostingcontinuedo increaseéhe maginsof thetrainingexampleseffectinga correspondinglrop
in thetesterror.

Attempts(not alwayssuccessfuljo usethe insightsgleanedrom the theoryof magins have
beenmadeby severalauthorq7, 27, 34).

The behaior of AdaBoostcanalsobe understoodn a game-theoretisettingasexploredby
FreundandSchapirg22, 24] (seealsoGroveandSchuurmanf27] andBreiman[8]). In particular
boostingcanbe viewed asrepeatelay of a certaingame,and AdaBoostcanbe shavn to be a
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speciakaseof amoregenerahlgorithmfor playingrepeatedjamesandfor approximatelysolving
agame.Thisalsoshavsthatboostings closelyrelatedo linearprogrammingandonlinelearning.

Relation to support-vector machines

Themaigin theorypointsto astrongconnectiorbetweerboostingandthesupport-ectormachines
of Vapnikandothers[6, 12,47]. To clarify the connectionsupposehatwe have alreadyfound
theweakhypotheseshatwe wantto combineandareonly interestedn choosingthe coefcients

. Onereasonabl@approachsuggestedby the analysisof AdaBoosts generalizatiorerroris to
choosethe coefcients so that the boundgivenin Eqg. (3) is minimized. In particular suppose
thatthe rst termis zeroand let us concentrateon the secondterm so that we are effectively
attemptingto maximizethe minimum maigin of ary trainingexample! To make thisideaprecise,

let us denotethe vector of weak-hypothesigredictionsassociatedvith the example by
whichwe call theinstance vector andthevectorof coefcients
by which we call the weight vector. Usingthis notationandthe de nition

of mamgin givenin Eq. (2) we canwrite the goalof maximizingthe minimummamgin as

(4)

where for boosting the normsin thedenominatoarede ned as:

(Whenthe 'sall haverange : is simply equalto .)
In comparisonthe explicit goal of support-ectormachiness to maximizea minimal magin
of theform describedn Eq. (4), but wherethenormsareinsteadEuclidean:

Thus,SVM'susethe normfor boththeinstancevectorandthe weightvector while AdaBoost
useshe normfor theinstancevectorand normfor theweightvector

Whendescribedn this manney SVM and AdaBoostseemvery similar. However, thereare
severalimportantdifferences:

Different norms can result in very different margins. Thedifferencebetweerthe norms
, and maynotbeverysigni cant whenoneconsiderdow dimensionakpacesHow-

ever, in boostingor in SVM, the dimensionis usually very high, oftenin the millions or

more. In sucha case the differencebetweerthe normscanresultin very large differences

10Of course, AdaBoost does not explicitly attempt to maximize the minimal margin. Nevertheless, Schapire
et a.s [41] analysis suggests that the algorithm does try to make the margins of al 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, algorithmsthat explicitly attempt to maximize minimal margin have not been experimentally as
successful as AdaBoost [7, 27].



in the magin values. This seemdo be especiallyso whenthereare only a few relevant
variablessothat canbevery sparse For instance supposehe weakhypothesesill have
range andthatthelabel onall examplescanbe computedoy a majority vote of

of theweakhypothesesln this case|t canbe shavn thatif the numberof relevantweak
hypotheses is a small fraction of the total numberof weak hypotheseshenthe mamgin
associateavith AdaBoostwill be muchlargerthanthe oneassociateavith supportvector
machines.

The computation requirements are different. The computationnvolvedin maximizing
themagin is mathematicaprogrammingi.e., maximizinga mathematicagxpressiorgiven
asetof inequalities Thedifferencebetweerthetwo methodsn thisregardis thatSVM cor
respondgo quadratic programming, while AdaBoostcorrespondsnly to linear program-
ming. (In fact,asnotedabove, thereis a deeprelationshipbetweenAdaBoostand linear
programmingvhich alsoconnectddAdaBoostwith gametheoryandonlinelearning[22].)

A different approach is used to search efficiently in high dimensional space. Quadratic
programmings morecomputationall[demandinghanlinearprogrammingHowever, there
is amuchmoreimportantcomputationatlifferencebetweerSVM andboostingalgorithms.
Part of thereasorfor the effectivenesof SVM andAdaBoostis thatthey nd linearclassi-
ers for extremelyhigh dimensionabpacessometimespace®f in nite dimension.While
the problemof over tting is addressetly maximizingthe magin, the computationaprob-
lem associate@vith operatingn highdimensionakpacesemains.Supportvectormachines
dealwith this problemthroughthe methodof kernels which allow algorithmsto perform
low dimensionatalculationghataremathematicallyequvalentto inner productsin a high
dimensional‘virtual” space. The boostingapproachs insteadto employ greedy search:
from this perspectie, theweaklearneris anoraclefor nding coordinate®f thathave
anon-ngligible correlationwith thelabel . Thereweightingof the exampleschangeshe
distributionwith respecto whichthecorrelationis measuredthusguidingtheweaklearner
to nd differentcorrelateccoordinatesMost of the actualwork involvedin applyingSVM
or AdaBoostto speci c classi cationproblemshasto do with selectinghe appropriateker-
nel functionin the onecaseandweaklearningalgorithmin the other As kernelsandweak
learningalgorithmsare very different,the resultinglearningalgorithmsusually operatein
very differentspacesandthe classi ersthatthey generatareextremelydifferent.

Multiclass classi cation

Sofar, we have only consideredinary classi cationproblemsin which the goalis to distinguish
betweeronly two possibleclassesMany (perhapsmost)real-world learningproblems however,

aremulticlass with morethantwo possibleclassesThereareseveralmethodsof extendingAda-
Boostto themulticlasscase.

Themoststraightforvardgeneralizatiofi23], calledAdaBoost.M1js adequatevhentheweak
learnetis strongenougho achievereasonablfyighaccurag, evenontheharddistributionscreated
by AdaBoost.However, this methodfails if theweaklearnercannotachieve atleast50%accurayg
whenrunontheseharddistributions.
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Figure5: A sampleof the examplesthat have the largestweight on an OCR task as reported
by Freundand Schapire[21]. Theseexampleswere chosenafter 4 roundsof boosting (top
Ilne) 12 rounds(middle) and 25 rounds(bottom). Underneatreachimageis a line of the form
, , Where isthelabelof theexample, and arethelabelsthatgetthehighestand
secondmgheslvotefrom thecombinedhypothesisatthatpointin therunof thealgorithm,and
arethecorrespondingnormalizedscores.

For the latter case severalmoresophisticatesnethodshave beendeveloped. Thesegenerally
work by reducingthe multiclassproblemto a larger binary problem. Schapireand Singers [42]
algorithm AdaBoost.MHworks by creatinga setof binary problems,for eachexample and
eachpossiblelabel , of theform: “For example , is the correctlabel oris it oneof the other
labels?”FreundandSchapires [23] algorithmAdaBoost.M2(whichis a specialcaseof Schapire
andSingers [42] AdaBoost.MRalgorithm)insteadcreatesbinary problems for eachexample
with correctlabel andeachincorrect label of theform: “For example , is thecorrectlabel
or ?"

Thesemethodsequireadditionaleffort in the designof the weaklearningalgorithm. A dif-
ferenttechniqug39], which incorporateDietterichandBakiri's [14] methodof errorcorrecting
outputcodesachiezessimilar provableboundsto thoseof AdaBoost.MHandAdaBoost.M2 but
canbe usedwith arny weaklearnerwhich canhandlesimple, binary labeleddata. Schapireand
Singer[42] give yetanothemethodof combiningboostingwith errorcorrectingoutputcodes.



Experimentsand applications

Practically AdaBoosthasmary adwantages.lIt is fast, simple and easyto program. It hasno
parameterdo tune (exceptfor the numberof round ). It requiresno prior knowledgeabout
theweaklearnerandso canbe e xibly combinedwith any methodfor nding weakhypotheses.
Finally, it comeswith a setof theoreticalQuaranteegivensufcient dataanda weaklearnerthat
canreliably provide only moderatelyaccurateveakhypothesesThisis a shiftin mind setfor the
learning-systendesignerinsteadof trying to designa learningalgorithmthatis accurateoverthe
entirespacewe caninsteadocuson nding weaklearningalgorithmsthatonly needto be better
thanrandom.

Ontheotherhand,somecaveatsarecertainlyin order Theactualperformancef boostingon
aparticularproblemis clearlydependenbn thedataandtheweaklearner Consistentvith theory
boostingcanfail to performwell giveninsufcient data,overly complex weakhypothesesr weak
hypothesesvhich aretoo weak. Boostingseemdo be especiallysusceptibléo noise[13] (more
onthislater).

AdaBoosthasbeenestecempiricallyby mary researchersncluding[3, 13,15, 29, 33, 36,45].
For instanceFreundandSchapirg21] testedAdaBooston a setof UCI benchmarldataset$35]
usingC4.5[37] asaweaklearningalgorithm,aswell asanalgorithmwhich nds thebest‘decision
stump”or single-testecisiontree. Someof the resultsof theseexperimentsaareshavn in Fig. 3.
As can be seenfrom this gure, even boostingthe weak decisionstumpscan usually give as
goodresultsasC4.5,while boostingC4.5generallygivesthedecision-trealgorithma signi cant
improvementin performance.

In anothersetof experiments Schapireand Singer[43] usedboostingfor text cateyorization
tasks.For thiswork, weakhypothesesvereusedwhich teston the presencer absencef a word
or phrase. Someresultsof theseexperimentscomparingAdaBoostto four other methodsare
shavn in Fig. 4. In nearlyall of theseexperimentsandfor all of theperformanceneasuregested,
boostingperformedaswell or signi cantly betterthanthe othermethoddested Boostinghasalso
beenappliedto text Itering [44], “ranking” problemg19] andclassi cationproblemsarisingin
naturallanguageprocessingl, 28].

The generalizatiorof AdaBoostby Schapireand Singer[42] provides an interpretationof
boostingas a gradient-descemnnethod. A potentialfunctionis usedin their algorithmto asso-
ciate a costwith eachexamplebasedon its currentmagin. Using this potentialfunction, the
operationof AdaBoostcanbe interpretedas a coordinate-wisgradientdescenin the spaceof
linear classi ers (over weak hypotheses).Basedon this insight, one can designalgorithmsfor
learningpopularclassi cationrules. In recentwork, CohenandSinger[11] shovedhow to apply
boostingto learnrule lists similar to thosegeneratedby systemdike RIPPER[10], IREP[26] and
C4.5ruleqd37]. In otherwork, FreundandMason[20] shaved how to apply boostingto learna
generalizatiorof decisiontreescalled“alternatingtrees.

A nice propertyof AdaBoostis its ability to identify outliers, i.e., examplesthat are either
mislabeledn thetrainingdata,or whichareinherentlyambiguousndhardto cateyorize.Because
AdaBoostfocusesdts weighton the hardesexamplesthe exampleswith the highestweightoften
turnoutto beoutliers. An exampleof this phenomenoranbe seenn Fig. 5 takenfrom anOCR
experimentconductedy FreundandSchapirg21].

When the numberof outliersis very large, the emphasigplacedon the hard examplescan
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becomedetrimentalto the performanceof AdaBoost. This wasdemonstratedery corvincingly
by Dietterich[13]. Friedmaretal.[25] suggested variantof AdaBoostcalled“GentleAdaBoost”
which putslessemphasin outliers. In recentwork, Freund[18] suggestednotheralgorithm,
called“BrownBoost, which takesa moreradicalapproachthat de-emphasizesutlierswhenit
seemg<learthatthey are“too hard” to classifycorrectly This algorithmis anadaptve versionof
Freunds [17] “boost-by-majority”algorithm. This work, togetherwith Schapires [40] work on
“drifting games, reveal someinterestingnew relationshipetweerboosting,Brownian motion,
andrepeatedjameswhile raisingmary new openproblemsanddirectionsfor futureresearch.
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