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Abstract

Boostingis a generalmethodfor improving the accurag of ary given
learning algorithm. Focusingprimarily on the AdaBoostalgorithm, this
chapteroverviens someof the recentwork on boostingincluding analyses
of AdaBooststraining errorandgeneralizatiorerror; boostings connection
to gametheoryandlinear programmingthe relationshipbetweenboosting
andlogistic regressiongextensionsof AdaBoostfor multiclassclassi cation
problems;methodsof incorporatinghumanknowledgeinto boosting;and
experimentabndappliedwork usingboosting.

1 Intr oduction

Machinelearningstudiesautomatictechniguegor learningto make accuratepre-
dictionsbasedon pastobsenrations. For example,supposahatwe would like to
build anemail Iter thatcandistinguishspam(junk) email from non-spam.The
machine-learningpproacho this problemwould be the following: Startby gath-
eringasmary examplesasposibleof bothspamandnon-spanemails.Next, feed
theseexamples,togetherwith labelsindicatingif they are spamor not, to your
favorite machine-learninglgorithmwhich will automaticallyproducea classi -
cationor predictionrule. Given a new, unlabeledemail, sucha rule attemptsto
predictif it is spamor not. Thegoal,of coursejs to generatarule thatmakesthe
mostaccurateredictiongpossibleon new testexamples.



Building a highly accuratepredictionrule is certainlya dif cult task. Onthe
otherhand,it is not hardat all to comeup with very roughrules of thumbthat
are only moderatelyaccurate. An exampleof sucha rule is somethinglike the
following: “If the phrasebuy now' occursin the email, thenpredictit is spam.
Sucharule will not evencomecloseto coveringall spammessagedpr instance,
it really saysnothing aboutwhat to predictif "buy nov' doesnot occurin the
messageOn the otherhand,this rule will make predictionsthataresigni cantly
betterthanrandomguessing.

Boosting,the machine-learningnethodthat is the subjectof this chapteris
basedntheobserationthat nding mary roughrulesof thumbcanbealot easier
than nding a single, highly accuratepredictionrule. To apply the boostingap-
proach,we startwith a methodor algorithmfor nding theroughrulesof thumb
Theboostingalgorithmcallsthis “weak” or “base”learningalgorithmrepeatedly
eachtime feedingit adifferentsubsebf thetrainingexampleg(or, to be morepre-
cise,a differentdistribution or weightingover the training examples). Eachtime
it is called,the baselearningalgorithmgenerates new weakpredictionrule, and
after mary rounds,the boostingalgorithm mustcombinetheseweakrulesinto a
singlepredictionrule that, hopefully will be muchmoreaccuratehanary oneof
theweakrules.

To malke thisapproactwork, therearetwo fundamentafuestionghatmustbe
answered:rst, how shouldeachdistribution bechoseroneachround,andsecond,
how shouldthe weakrulesbe combinedinto a singlerule? Regardingthe choice
of distritution, the techniquethat we advwocateis to placethe mostweighton the
examplesmostoften misclassi edby the precedingveakrules;this hasthe effect
of forcing the baselearnerto focusits attentionon the “hardest” examples. As
for combiningthe weakrules, simply taking a (weighted)majority vote of their
predictionds naturalandeffective.

Thereis alsothe questionof whatto usefor the baselearningalgorithm, but
this questiorwe purposelyleave unansweredothatwe will endup with ageneral
boostingprocedurghatcanbe combinedwith ary baseearningalgorithm.

Boostingrefersto ageneralndprovably effective methodof producingavery
accuratepredictionrule by combiningrough and moderatelyinaccuraterules of
thumb in a mannersimilar to that suggestedabore. This chapterpresentsan
overviev of someof therecentwork on boosting focusingespeciallyon the Ada-
Boostalgorithmwhich hasundegoneintensetheoreticaktudyandempiricaltest-

ing.

A distribution over training examplescanbe usedto generate subsebf thetraining examples
simply by samplingrepeatedlyfrom the distribution.
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Figurel: TheboostingalgorithmAdaBoost.

2 AdaBoost

Working in Valiant's PAC (probablyapproximatelycorrect)learningmodel [75],
KearnsandValiant[41, 42] werethe rst to posethequestionof whethera “weak”
learningalgorithmthat performsjust slightly betterthanrandomguessingcanbe
“boosted”into an arbitrarily accurate'strong” learningalgorithm. Schapire[66]
cameup with the rst provable polynomial-timeboostingalgorithmin 1989. A
yearlater Freund[26] developeda muchmoreef cient boostingalgorithmwhich,
althoughoptimalin a certainsenseneverthelessufieredlike Schapires algorithm
from certainpracticaldravbacks.The rst experimentswith theseearly boosting
algorithmswerecarriedoutby Drucker, SchapireandSimard[22] onanOCRtask.
The AdaBoostalgorithm, introducedin 1995 by Freundand Schapire[32],
solved mary of the practicaldif culties of the earlierboostingalgorithms,andis
thefocusof this paper Pseudocodér AdaBoostis givenin Fig. 1 in theslightly
generalizedorm givenby SchapireandSinger[70]. Thealgorithmtakesasinput

a training set whereeach belongsto somedomainor
instancespace , andeachlabel isin somelabelset . For mostof this paper
we assume ; In Section7, we discussextensiongo the multiclass

case AdaBoostallsagivenweakor basdearningalgorithmrepeatedlyn aseries



of rounds . Oneof the mainideasof the algorithmis to maintaina
distribution or setof weightsoverthetrainingset. Theweightof thisdistributionon
trainingexample onround isdenoted . Initially, all weightsaresetequally
but on eachround,the weightsof incorrectlyclassi ed examplesareincreasedo
thatthe basdearneris forcedto focuson the hardexamplesn thetrainingset.
The baselearners job is to nd a baseclassi er appropriate
for thedistribution . (Baseclassi erswerealsocalledrulesof thumbor weak
predictionrulesin Sectionl.) In the simplestcase therangeof each is binary
i.e.,restrictedo ; thebasdearners job thenis to minimizetheerror

Oncethebaseclassier hasbeenreceved, AdaBoostchooses parameter
thatintuitively measuretheimportancehatit assigngo . In the gure,
we have deliberatelyleft thechoiceof  unspeci ed.For binary , we typically
set

- @

asin theoriginaldescriptiorof AdaBoosigivenby FreundandSchapird32]. More
onchoosing followsin Section3. Thedistribution  is thenupdatedusingthe
rule shavn in the gure. The nal or combinectlassi er isaweightedmajority
voteof the baseclassi erswhere istheweightassignedo

3 Analyzing the training error

The most basictheoreticalproperty of AdaBoostconcernsits ability to reduce
the training error, i.e., the fraction of mistales on the training set. Speci cally,
Schapireand Singer[70], in generalizinga theoremof Freundand Schapirg32],
shaw thatthetrainingerrorof the nal classi eris boundedasfollows:

— — (2)
wherehenceforthwe de ne

3)

sothat . (For simplicity of notation,we write and as

shorthandor and , respecirely.) Theinequalityfollows from thefact

that if . Theequalitycanbe proved straightforvardly by

unraveling therecursie de nition of



Eqg.(2) suggestshatthetrainingerrorcanbereducedmostrapidly (in agreedy
way) by choosing and oneachroundto minimize

(4)

In the caseof binary classi ers,this leadsto the choiceof  givenin Eq. (1) and
givesaboundonthetrainingerrorof

®)

wherewe de ne . This boundwas rst proved by Freundand
Schapirg32]. Thus,if eachbaseclassi er is slightly betterthanrandomso that
for some , thenthetrainingerrordropsexponentiallyfastin ~ since

the boundin Eq. (5) is at most . This bound,combinedwith the bounds
on generalizatiorerror given belov prove that AdaBoostis indeeda boostingal-
gorithmin the senseahatit canefciently corvert atrueweaklearningalgorithm
(that canalways generatea classi er with a weakedgefor ary distribution) into
a stronglearningalgorithm (that cangeneratea classi er with an arbitrarily low
errorrate,givensufcient data).

Eg. (2) pointsto the factthat, at heart,AdaBoostis a procedurgor nding a
linearcombination of baseclassi erswhich attemptgo minimize

(6)

Essentiallyon eachround,AdaBoostchooses (by calling thebaselearner)and
thensets to addonemoretermto theaccumulatingveightedsumof baseclassi-
ers in suchaway thatthe sumof exponentialsabose will be maximallyreduced.
In otherwords, AdaBoostis doing a kind of steepestlescensearchto minimize
Eq. (6) wherethe searchis constrainedat eachstepto follow coordinatedirec-
tions (wherewe identify coordinatesvith theweightsassignedo baseclassi ers).
This view of boostingandits generalizatiorare examinedin considerablaletail
by Duffy andHelmbold[23], Masonet al. [51, 52] and Friedman[35]. Seealso
Section6.
Schapireand Singer[70] discussthe choiceof @ and in the casethat

is real-\alued (ratherthan binary). In this case, can be interpretedas a
“con dence-ratedprediction” in which the sign of is the predictedlabel,
while the magnitude gives a measureof con dence. Here, Schapireand

Singeradwcatechoosing and soastominimize (Eg.(4)) oneachround.



4 Generalizationerror

In studyinganddesigninglearningalgorithms,we areof courseinterestedn per
formanceon examplesnot seerduringtraining,i.e.,in thegeneralizatiorerror, the
topic of this section.Unlike Section3 wherethetrainingexampleswverearbitrary
herewe assumehat all examples(both train andtest) are generated.i.d. from
someunknawvn distribution on . Thegeneralizatiorerroris the probability
of misclassifyinga nenv example,while thetesterroris thefractionof mistaleson
a newly samplediestset(thus, generalizatiorerror is expectedtesterror). Also,
for simplicity, we restrictour attentionto binarybaseclassi ers.

FreundandSchapird32] shaved how to boundthe generalizatiorerrorof the
nal classier in termsof its training error, the size  of the sample,the VC-
dimensioR of thebaseclassi er spaceandthe numberof rounds of boosting.
Speci cally, they usedtechniqguedrom Baumand Hausslel[5] to shawv thatthe
generalizatiorerror, with high probability is at mose

where denoteempiricalprobabilityon thetrainingsample.This boundsug-
gestghatboostingwill over t if runfor toomary roundsj.e.,as becomesarge.
In fact, this sometimegloeshappen.However, in early experiments several au-
thors[8, 21, 59 obsered empirically that boostingoften doesnot overt, even
whenrunfor thousandsf rounds.Moreover, it wasobseredthatAdaBoostwould
sometimesontinueto drive down the generalizatiorerror long after the training
error had reachedzero, clearly contradictingthe spirit of the boundabove. For
instancetheleft sideof Fig. 2 shavs thetrainingandtestcurvesof runningboost-
ing on top of Quinlans C4.5decision-tredearningalgorithm[60] on the “letter”
dataset.

In responsé¢o theseempirical ndings, Schapirestal. [69], following thework
of Bartlett[3], gave analternatve analysisin termsof the margins of the training
examples.Themaigin of example is de nedto be

2TheVapnik-Cherenenkis(VC) dimensioris astandardneasuref the“complexity” of aspace
of binaryfunctions.See for instancerefs.[6, 76] for its de nition andrelationto learningtheory

3The“soft-Oh” notation , hereusedratherinformally, is meantto hide all logarithmicand
constanfactors(in the sameway thatstandardbig-Oh” notationhidesonly constanfactors).
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Figure 2: Error curves and the mamgin distribution graphfor boostingC4.5 on
the letter datasetas reportedby Schapireet al. [69]. Left the training andtest
error curves (lower and uppercurves, respeciiely) of the combinedclassi er as
a function of the numberof roundsof boosting. The horizontallines indicatethe
testerrorrate of the baseclassi er aswell asthe testerror of the nal combined
classi er. Right The cumulatve distribution of magins of the training examples
after5, 100 and 1000iterations,indicatedby short-dashedong-dashedmostly
hidden)andsolid curves,respecirely.

It is a numberin andis positive if andonly if  correctlyclassi esthe
example.Moreover, asbeforethe magnitudeof themamgin canbeinterpretedasa
measuref con dencein the prediction.Schapireet al. provedthatlarger maigins
onthetrainingsettranslatento a superiorupperboundonthegeneralizatiorerror
Speci cally, thegeneralizatiorerroris at most

for ary with high probability Notethatthis boundis entirely independent
of , the numberof roundsof boosting. In addition, Schapireet al. proved that
boostingis particularlyaggressie at reducingthe mamgin (in a quanti able sense)
sinceit concentratesn the exampleswith the smallestmagins (whetherpositive
or nggative). Boostings effectonthemaginscanbeseerempirically for instance,
ontheright sideof Fig. 2 which shavsthecumulatie distribution of maginsof the
training exampleson the “letter” datasetln this case gvenafterthetrainingerror
reachegero,boostingcontinuego increasehe mamgins of the training examples
effectingacorrespondingiropin thetesterror.
Althoughthemaginstheorygivesaqualitatve explanationof theeffectiveness
of boosting,quantitatvely, the boundsareratherweak. Breiman[9], for instance,
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shavs empirically that one classi er can have a maigin distribution thatis uni-
formly betterthanthatof anotherclassi er, andyetbeinferior in testaccurag. On
the otherhand,Koltchinskii, Panchenk andLozano[44, 45, 46, 58] have recently
proved nev mamgin-theoreticboundsthataretight enoughto give usefulquantita-
tive predictions.

Attempts(not always successful}o usethe insightsgleanedfrom the theory
of magins have beenmadeby severalauthorg9, 37, 50]. In addition,themamgin
theorypointsto a strongconnectiorbetweerboostingandthe support-ectorma-
chinesof Vapnikandothers[7, 14, 77] which explicitly attemptto maximizethe
minimummaigin.

5 A connectionto gametheory and linear programming

The behaior of AdaBoostcanalsobe understoodn a game-theoretisettingas
exploredby Freundand Schapire[31, 33| (seealsoGrove and Schuurman$37]
andBreiman[9]). In classicalgametheory it is possibleto put arny two-person,
zero-sungamein theform of amatrix . To play thegame oneplayerchooses
row andtheotherplayerchooses column . Thelossto therow player(which
is the sameasthe payof to the columnplayer)is . More generally the two
sidesmay play randomly choosingdistributions and over rows or columns,
respectiely. Theexpectedossthenis

Boostingcanbeviewed asrepeateglay of a particulargamematrix. Assume
that the baseclassi ers are binary and let be the entire base
classi er space(which we assuméor now to be nite). For a x ed training set

,thegamematrix has rowsand columnswhere

if
otherwise.

Therow playernow is the boostingalgorithm,andthe columnplayeris the base
learner The boostingalgorithms choiceof adistribution  over training exam-
plesbecomesdistribution overrowsof , while thebasdearners choiceof a
baseclassi er becomeshechoiceof acolumn of

As anexampleof the connectiorbetweerboostingandgametheory consider
von Neumannrs famousminmaxtheoremwhich stateghat

for ary matrix . Whenappliedto the matrix just de ned andreinterpretedn
the boostingsetting,this canbe shavn to have the following meaning:lf, for ary
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distribution over examplesthereexistsabaseclassi er with errorat most ,
thenthereexistsa convex combinationof baseclassi erswith a magin of atleast
on all training examples. AdaBoostseeksto nd sucha nal classier with
highmaigin on all exampleshy combiningmary baseclassi ers;soin asensethe
minmaxtheoremells usthatAdaBoostatleasthasthe potentialfor successince,
given a “good” baselearney theremustexist a good combinationof baseclassi-
ers. Goingmuchfurther AdaBoostcanbe shavn to be a specialcaseof a more
generahklgorithmfor playingrepeatedjamespr for approximatelysolvingmatrix
games.This shaws that, asymptoticallythe distribution over trainingexamplesas
well asthe weightsover baseclassi ersin the nal classi er have game-theoretic
intepretation@sapproximataninmaxor maxminstrateies.

The problemof solving ( nding optimal stratgjies for) a zero-sumgameis
well known to be solvableusinglinearprogramming.Thus,this formulationof the
boostingproblemasa gamealso connectdoostingto linear, andmoregenerally
convex, programming.This connectiorhasled to new algorithmsandinsightsas
exploredby Ratschetal. [62], Grove andSchuurman$37] and Demiriz, Bennett
andShave-Taylor[17].

In anotherdirection, Schapire]68] describesandanalyzeshe generalization
of both AdaBoostand Freunds earlier “boost-by-majority” algorithm [26] to a
broaderfamily of repeatedjamesalled“drifting games.

6 Boostingand logistic regression

Classi cationgenerallyis the problemof predictingthe label of an example
with theintentionof minimizing the probability of anincorrectprediction. How-
ever, it is oftenusefulto estimatethe probability of a particularlabel. Friedman,
HastieandTibshirani[34] suggested methodfor usingthe outputof AdaBoostto
make reasonablestimate®f suchprobabilities.Speci cally, they suggestedsing
alogistic function,andestimating

()

where,asusual, is theweightedaverageof baseclassi ersproducedoy Ada-
Boost(Eg. (3)). Therationalefor this choiceis the closeconnectiorbetweerthe
log loss(negative log likelihood)of sucha model,namely

(8)



andthefunctionthat,we have alreadynoted, AdaBoostattemptgo minimize:
9)

Speci cally, it canbeveri ed thatEqg. (8) is upperboundeddy Eq. (9). In addition,

if we addthe constant to Eq. (8) (which doesnot affect its minimization),

thenit canbeveri ed thattheresultingfunctionandthe onein Eq. (9) have iden-

tical Taylor expansionsaroundzeroup to secondorder;thus,their behaior near

zerois very similar. Finally, it canbe shavn that, for ary distrikution over pairs
, theexpectations

and

areminimizedby the same(unconstrainedfunction , namely

Thus, for all thesereasonsminimizing Eq. (9), asis doneby AdaBoost,canbe
viewedasamethodof approximatelyminimizing the nggative log likelihoodgiven
in Eq. (8). Therefore,we may expect Eq. (7) to give a reasonablgrobability
estimate.

Of courseasFriedman HastieandTibshiranipoint out, ratherthanminimiz-
ing the exponentiallossin Eq. (6), we could attemptinsteadto directly minimize
thelogistic lossin Eq. (8). To this end,they proposetheir LogitBoostalgorithm.
A different,moredirect modi cation of AdaBoostfor logistic losswasproposed
by Collins, SchapireandSinger[13]. Following up onwork by KivinenandWar-
muth[43] andLafferty [47], they derive thisalgorithmusinga uni cation of logis-
tic regressionandboostingbasedon Bregmandistances.This work further con-
nectsboostingto the maximum-entroyp literature particularlytheiterative-scaling
family of algorithms[15, 16]. They alsogive uni ed proofs of corvergenceto
optimality for a family of new andold algorithms,including AdaBoost,for both
the exponentialloss usedby AdaBoostandthe logistic loss usedfor logistic re-
gression.Seealsothe later work of Lebanonand Lafferty [48] who shaved that
logistic regressiorandboostingarein factsolvingthe sameconstraineaptimiza-
tion problem,exceptthatin boosting,certainnormalizationconstrainthave been
dropped.

For logistic regressionye attemptto minimizethelossfunction

(10)
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which is the sameasin Eq. (8) exceptfor aninconsequentiathangeof constants
in theexponent.Themodi cation of AdaBoostproposedy Collins, Schapireand
Singerto handlethis lossfunctionis particularlysimple.In AdaBoostunrareling
thede nition of  givenin Fig. 1 shaws that is proportional(i.e., equalup
to normalization}o

wherewe de ne

To minimize the lossfunctionin Eq. (10), the only necessarynodi cation is to
rede ne to be proportionalto

A very similar algorithmis describedby Duffy and Helmbold[23]. Notethatin
eachcase the weight on the examples,viewed asa vector is proportionalto the
negative gradientof the respectie lossfunction. This is becauséoth algorithms
aredoingakind of functionalgradientdescentan obseration thatis spelledout
andexploitedby Breiman[9], Duffy andHelmbold[23], Masonetal.[51, 52] and
Friedman35].

Besidedogistic regressiontherehave beena numberof approachesakento
apply boostingto moregenerakregressiorproblemsin whichthelabels arereal
numbersandthegoalis to producereal-valuedpredictionghatarecloseto thesda-
bels. Someof these suchasthoseof Ridgevay [63] andFreundandSchapird32],
attemptto reducethe regressiorproblemto a classi cationproblem.Others,such
asthoseof Friedmar{35] andDuffy andHelmbold[24] usethefunctionalgradient
descenvwiew of boostingto derive algorithmsthat directly minimize a lossfunc-
tion appropriatefor regression. Another boosting-basedpproachto regression
wasproposedy Drucker [20].

7 Multiclass classi cation

Therearesereralmethodf extendingAdaBoosto the multiclasscase. Themost
straightforvard generalization32], called AdaBoost.M1,is adequatenvhenthe
baselearneris strongenoughto achie/e reasonablyhigh accurag, even on the
hard distributions createdby AdaBoost. However, this methodfails if the base
learnercannotachiere atleast50%accurag whenrun ontheseharddistributions.
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For the latter case several more sophisticatednethodshave beendeveloped.
Thesegenerallywork by reducingthe multiclassproblemto a larger binary prob-
lem. SchapireandSingers [70] algorithmAdaBoost.MHworks by creatinga set
of binary problems,for eachexample andeachpossiblelabel , of the form:
“For example , is the correctlabel or is it oneof the otherlabels?” Freund
and Schapires [32] algorithm AdaBoost.M2(which is a specialcaseof Schapire
and Singers [70] AdaBoost.MRalgorithm) insteadcreateshinary problems,for
eachexample with correctlabel andeachincorrectlabel of theform: “For
example ,isthecorrectlabel or ?”

Thesemethodsequireadditionaleffort in thedesignof thebasdearningalgo-
rithm. A differenttechniqug67], which incorporate®ietterichandBakiri's [19]
methodof errorcorrectingoutputcodesachiaressimilar provableboundgo those
of AdaBoost.MHand AdaBoost.M2,but canbe usedwith ary baselearnerthat
can handlesimple, binary labeleddata. Schapireand Singer[70] and Allwein,
SchapireandSinger[2] give yetanothemethodof combiningboostingwith error
correctingoutputcodes.

8 Incorporating human knowledge

Boosting like mary machine-learningnethodsis entirelydata-dvenin thesense
thatthe classi er it generatess derived exclusiely from the evidencepresentn
thetraining dataitself. Whendatais abundant.this approachmakessense How-
ever, in someapplicationsdatamay be sererely limited, but theremay be human
knowledgethat,in principle, might compensatéor thelack of data.

In its standardorm, boostingdoesnotallow for thedirectincorporatiorof such
prior knowledge. NeverthelessRocheryet al. [64, 65] describea modi cation of
boostingthatcombinesandbalancesiumanexpertisewith availabletrainingdata.
The aim of the approachis to allow the humans roughjudgmentsto be re ned,
reinforcedandadjustedby the statisticsof the training data,but in a mannerthat
doesnot permitthe datato entirely overwhelmhumanjudgments.

The rst stepin this approachis for a humanexpertto constructby handa
rule mappingeachinstance to anestimatedorobability thatis
interpretedasthe guessegrobability thatinstance will appearwith label
Therearevariousmethoddor constructingsuchafunction , andthe hopeis that
this dif cult-to-build function neednot be highly accuratdor the approacho be
effective.

Rocheryet al!s basicideais to replacethe logistic lossfunctionin Eq. (10)
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with onethatincorporateprior knowledge,namely

where is binary relative
entrofy. The rst termis the sameasthatin Eq. (10). The secondierm givesa
measureof the distancefrom the modelbuilt by boostingto the humans model.
Thus,we balancethe conditionallikelihood of the dataagainstthe distancefrom
our modelto the humans model. The relative importanceof the two termsis
controlledby the parameter .

9 Experimentsand applications

Practically AdaBoosthasmary adwantages. It is fast, simple and easyto pro-
gram. It hasno parameterso tune(exceptfor thenumberof round ). It requires
no prior knowledgeaboutthe baselearnerand so canbe e xibly combinedwith
any methodfor nding baseclassi ers. Finally, it comeswith a setof theoretical
guaranteegiven sufcient dataanda baselearnerthat canreliably provide only
moderatelyaccuratebaseclassi ers. This is a shift in mind setfor the learning-
systemdesigner:insteadof trying to designa learningalgorithmthatis accurate
overtheentirespacewe caninsteadocuson nding basdearningalgorithmsthat
only needto be betterthanrandom.

Ontheotherhand,somecaveatsarecertainlyin order Theactualperformance
of boostingon a particularproblemis clearly dependenbn the dataandthe base
learner Consistentvith theory boostingcanfail to performwell giveninsufcient
data,overly complex baseclassi ersor baseclassi ersthataretoo weak.Boosting
seemgo beespeciallysusceptibld¢o noise[18] (moreonthisin Sectionsec»ps).

AdaBoosthasbeentestedempirically by mary researchersncluding [4, 18,
21, 40, 49, 59, 73]. For instance Freundand Schapird30] testedAdaBooston a
setof UCI benchmarldataset$54] usingC4.5[60] asa baselearningalgorithm,
aswell asanalgorithmthat nds thebest“decisionstump”or single-testecision
tree. Someof theresultsof theseexperimentsareshavn in Fig. 3. As canbeseen
from this gure, evenboostingthe weakdecisionstumpscanusuallygive asgood
resultsasC4.5,while boostingC4.5generallygivesthe decision-trealgorithma
signi cant improvementin performance.

In anothersetof experiments SchapireandSinger[71] usedboostingfor text
cateyorizationtasks.For this work, baseclassi erswereusedthattestonthe pres-
enceor absencef aword or phrase Someresultsof theseexperimentcomparing
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Figure3: Comparisorof C4.5versusboostingstumpsandboostingC4.50n a set
of 27 benchmarlproblemsasreportedby Freundand Schapirg/30]. Eachpoint
in eachscatterplotshavs the testerror rate of the two competingalgorithmson
a singlebenchmark.The -coordinateof eachpoint givesthe testerrorrate (in
percentof C4.50nthegivenbenchmarkandthe -coordinatggivestheerrorrate
of boostingstumps(left plot) or boostingC4.5 (right plot). All error rateshave
beenaveragedover multiple runs.

AdaBoostto four other methodsare shawvn in Fig. 4. In nearlyall of theseex-

perimentsandfor all of the performanceneasuresested boostingperformedas
well or signi cantly betterthantheothermethodgested As shavn in Fig. 5, these
experimentsalsodemonstratethe effectivenesf usingcon dence-rategredic-
tions[70], mentionedn Section3 asa meansf speedingup boosting.

Boostinghasalsobeenappliedto text Itering [72] androuting[39], “ranking”
problemd28], learningproblemsarisingin naturallanguagerocessingl, 12, 25,
38, 55, 78], imageretrieval [74], medicaldiagnosig53], andcustomemonitoring
andseggmentatior{56, 57].

Rocheryetal!s[64, 65 methodof incorporatinghumanknowledgeinto boost-
ing, describedn Section8, wasappliedto two speecttatayorizationtasks.In this
case the prior knowledgetook the form of a setof hand-hiilt rulesmappingkey-
wordsto predictedcateyories. Theresultsareshavn in Fig. 6.

The nal classi er producedby AdaBoostwhen used,for instance,with a
decision-treebaselearningalgorithm, can be extremely complex anddif cult to
comprehendWith greatercare,a morehuman-understandigb nal classi ercan
be obtainedusingboosting. Cohenand Singer[11] shaved how to designa base
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Figure4: Comparisorof errorratesfor AdaBoostandfour othertext categoriza-
tion methods(naive Bayes,probabilisticTF-IDF, Rocchioand sleepingexperts)
asreportedby Schapireand Singer[71]. The algorithmsweretestedon two text
corpora— Reutersnewnswire articles(left) and AP newvswire headlineqright) —
andwith varyingnumbersf classlabelsasindicatedonthe -axisof eachgure.

learningalgorithmthat,whencombinedwith AdaBoostresultsin a nal classi er
consistingof a relatively small setof rulessimilar to thosegeneratedy systems
like RIPPER[10], IREP [36] and C4.5rules[60]. Cohenand Singers system,
calledSLIPPER,is fast,accurateand producegjuite compactrule sets. In other
work, FreundandMason[29] shavedhow to applyboostingto learnageneraliza-
tion of decisiontreescalled“alternatingtrees. Theiralgorithmproducesa single
alternatingtreeratherthanan ensemblef treesaswould be obtainedby running
AdaBooston top of a decision-tredearningalgorithm. On the otherhand,their
learningalgorithmachieves error ratescomparabldo thoseof a whole ensemble
of trees.

A nice propertyof AdaBoostis its ability to identify outliers, i.e., examples
thatareeithermislabeledn thetrainingdata,or thatareinherentlyambiguousand
hardto catejorize. BecauséddaBoostfocusesdts weightonthehardestxamples,
the exampleswith the highestweightoftenturn out to be outliers. An exampleof
this phenomenomanbe seenin Fig. 7 takenfrom an OCR experimentconducted
by FreundandSchapird30].

Whenthenumberof outliersis verylarge,theemphasigplacedon the hardex-
amplescanbecomealetrimentato theperformancef AdaBoost.Thiswasdemon-
stratedvery convincingly by Dietterich[18]. FriedmanHastieandTibshirani[34]
suggestedvariantof AdaBoostcalled“Gentle AdaBoost thatputslessemphasis
on outliers. Ratsch,OnodaandMdiller [61] shawv how to regularize AdaBoostto
handlenoisydata.Freund?27] suggestednotheralgorithm,called“BrownBoost,
thattakesa moreradicalapproachthatde-emphasizesutlierswhenit seemslear
thatthey are“too hard” to classifycorrectly This algorithm,whichis anadaptve
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Figure5: Comparisorof thetraining (left) andtest(right) errorusingthreeboost-
ing methodson a six-classtext classi cation problemfrom the TREC-AP collec-
tion, asreportedby Schapireand Singer[70, 71]. DiscreteAdaBoost.MHand
discreteAdaBoost.MRare multiclassversionsof AdaBoostthat require binary
( -valued)baseclassi ers, while real AdaBoost.MHis a multiclassver
sionthatuses‘con dence-rated’(i.e., real-\alued)baseclassi ers.

versionof Freunds [26] “boost-by-majority”algorithm,demonstratean intrigu-
ing connectiorbetweerboostingandBrownian motion.

10 Conclusion

In this overview, we have seenthat there have emeged a greatmary views or
interpretationsof AdaBoost. First andforemost,AdaBoostis a genuineboosting
algorithm: given accesdo a true weaklearningalgorithmthatalwaysperformsa
little bit betterthanrandomguessingn every distribution overthetrainingset,we
canprove arbitrarily goodboundson thetraining errorandgeneralizatiorerror of
AdaBoost.

Besideghis original view, AdaBoosthasbeeninterpretedasaprocedurédased
on functionalgradientdescentas an approximationof logistic regressionandas
a repeated-gamelaying algorithm. AdaBoosthas also beenshavn to be re-
latedto mary othertopics, suchas gametheory and linear programming,Breg-
mandistancessupport-ectormachinesBrownianmotion,logistic regressiorand
maximum-entrop methodssuchasiterative scaling.

All of theseconnectionsandinterpretationdave greatlyenhanceaur under
standingof boostingand contrituted to its extensionin ever more practicaldi-
rections,suchasto logistic regressionand other loss-minimizationproblems,to
multiclassproblems to incorporateregularizationandto allow the integration of
prior backgroundnowledge.
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Figure6: Comparisorof percenfclassi cationaccurag on two spolen language
tasks(“How may | helpyou” ontheleft and“Help desk”on theright) asa func-
tion of the numberof training examplesusing dataand knowledge separatelyor
togetherasreportedoy Rocheryetal. [64, 65].

We alsohave discussea few of the growing numberof applicationsof Ada-
Boostto practicalmachingearningproblems suchastext andspeectcateyoriza-
tion.
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