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Abstract

Bagging and b o osting are w ell-kno wn ensem-

ble learning metho ds. They com bine m ulti-

ple learned base mo dels with the aim of im-

pro ving generalization p erformance. T o date,

they ha v e b een used primarily in b atch mo de,

and no e�ectiv e online v ersions ha v e b een

prop osed. W e presen t simple online bagging

and b o osting algorithms that w e claim p er-

form as w ell as their batc h coun terparts.

1 In tro duction

T raditional sup ervised learning algorithms classify

examples

1

based on a single mo del suc h as a decision

tree or neural net w ork. Ensemble learning algorithms,

of whic h there are man y v arieties, com bine the predic-

tions of m ultiple b ase mo dels , eac h of whic h is learned

using a traditional algorithm. Bagging [3] and Bo ost-

ing [8] are w ell-kno wn ensem ble learning algorithms

that ha v e b een sho wn to b e v ery e�ectiv e in impro v-

ing generalization p erformance compared to individ-

ual base mo dels [1 ]. Theoretical analysis of b o osting's

p erformance supp orts these results [9].

In this pap er, w e dev elop online v ersions of these algo-

rithms. Online learning algorithms pro cess eac h train-

ing instance once \on arriv al" without the need for

storage and repro cessing, and main tain a curren t h y-

p othesis that re
ects all the training instances seen

so far. Suc h algorithms ha v e adv an tages o v er t ypi-

cal batc h algorithms in situations where data arriv e

con tin uously . They are also useful with v ery large

data sets on secondary storage, for whic h the m ulti-

ple passes required b y most batc h algorithms are pro-

hibitiv ely exp ensiv e.
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In this pap er, w e only deal with the classi�cation

problem.

Batc h ensem ble algorithms t ypically use a batc h learn-

ing algorithm, whic h w e shall call L

b

, to generate eac h

base mo del. The �rst requiremen t of an online en-

sem ble algorithm is an online learning algorithm for

base mo dels, whic h w e shall call L

o

. Online v arian ts

of man y learning algorithms are a v ailable. A lossless

online algorithm is one whose output h yp othesis for a

giv en training set is iden tical to that of the corresp ond-

ing batc h algorithm. Lossless online algorithms are

a v ailable for decision trees [14 ], Naiv e Ba y es mo dels,

and nearest-neigh b or classi�ers, among others. W e use

lossless online algorithms for decision trees and Naiv e

Ba y es mo dels in our exp erimen ts.

Pro ducing online v ersions of bagging and b o osting also

requires a w a y to mirror their sp eci�c tec hniques for

generating m ultiple distinct base mo dels. The di�-

cult y is that b oth algorithms app ear to require fore-

kno wledge of the size of the training set, whic h is un-

a v ailable (or meaningless) in the online con text. F or

example, bagging w orks b y resampling the original

training set of size N to pro duce M b o otstrap train-

ing sets of size N , eac h of whic h is used to train a base

mo del. Our online v ersion trains M base mo dels on-

line. It sim ulates the b o otstrap pro cess b y sending K

copies of eac h new example to up date eac h base mo del,

where K is a suitable P oisson random v ariable. This

simple tric k yields learning b eha vior similar to that of

batc h bagging. W e describ e the online bagging algo-

rithm and giv e theoretical results in Section 2; empir-

ical results are pro vided in Section 4.

Bo osting is a somewhat more complex pro cess that

generates a series of base mo dels h

1

; : : : ; h

M

. Eac h

base mo del h

m

is learned from a w eigh ted training set

whose w eigh ts are determined b y the classi�cation er-

rors of the preceding mo del h

m � 1

. Sp eci�cally , the

examples misclassi�e d b y h

m � 1

are giv en mor e w eigh t

in the training set for h

m

, suc h that the w eigh ts of

all the misclassi�ed examples constitute half the total

w eigh t of the training set. As with bagging, this t yp e

of \normalization" app ears to require forekno wledge



of the complete training set. Again, w e use a P oisson

sampling pro cess to appro ximate the rew eigh ting al-

gorithm. The online b o osting algorithm is describ ed

in detail in Section 3. Empirical results are giv en in

Section 4.

The topic of online bagging and b o osting has receiv ed

v ery little atten tion in the literature. In [5 ], an ensem-

ble of three neural net w orks w as trained using b o ost-

ing in an online fashion; the metho d prop osed therein

often discards substan tial amoun ts of data in the pro-

cess of dra wing the desired distribution of data for its

base mo dels. More recen tly , a \blo c k ed" online b o ost-

ing algorithm has b een prop osed [4] that trains sev eral

base mo dels using consecutiv e subsets of training ex-

amples of some �xed size; this pro cess also discards a

fraction of the data receiv ed. Neither of these algo-

rithms is directly comparable to our approac h, whic h

fo cuses on repro ducing the adv an tages of bagging and

b o osting in an online setting. In [7], an online bag-

ging algorithm is prop osed; it attempts to sim ulate

the b o otstrap pro cess b y sending eac h new training

example to up date eac h base mo del with some prob-

abilit y that the user �xes in adv ance. In exp erimen ts

with v arious suc h probabilities, their online bagging al-

gorithm nev er p erformed b etter than a single decision

tree. The same pap er also prop oses an online b o osting

algorithm that is an online v ersion of Arc-x4 [3], i.e.,

eac h example is giv en w eigh t 1 + m

4

to up date eac h

base mo del, where m is the n um b er of previous base

mo dels that curren tly misclassify that example. The

algorithm w as applied to the branc h prediction prob-

lem from computer arc hitecture. The results suggest

that, giv en limited memory , a b o osted ensem ble with

a greater n um b er of smaller decision trees is generally

sup erior to one with few er large trees.

P oten tially in teresting parallels can b e dra wn b et w een

our approac h and the Winno w [11 ] and W eigh ted Ma-

jorit y [12 ] algorithms. These algorithms use a �xed

set of base mo dels that are trained online and com-

bined using w eigh ts that dep end on the training set

p erformance of eac h base mo del. Their p erformance

can b e sho wn to b e almost as go o d as that of the

b est comp onen t mo del for an y training sequence. On

the other hand, ensem ble algorithms generally p erform

b etter than all of their comp onen t mo dels. Comparing

them to online bagging or b o osting, w e see that they

send iden tical training sequences to eac h base mo del;

hence, base mo del div ersit y , whic h is kno wn to aid

ensem ble p erformance [13 ], m ust b e built in a priori

rather than emerging from the data itself. One can

imagine h ybrid approac hes; it ma y also b e the case

that amortized analysis tec hniques can b e applied to

our algorithms.

2 Online Bagging

Giv en a training dataset of size N , standard batc h

bagging creates M base mo dels,

2

eac h trained on a

b o otstrap sample of size N created b y dra wing random

samples with replacemen t from the original training

set. In the follo wing pseudo co de, T is the original

training set of N examples and M is the n um b er of

base mo dels to b e learned.:

Bagging( T , M )

� F or eac h m 2 f 1 ; 2 ; : : : ; M g ,

{ T

m

= S ampl e W ith R epl acement ( T ; N )

{ h

m

= L

b

( T

m

)

� Return f h

1

; h

2

; : : : ; h

M

g

Eac h base mo del's training set con tains eac h of the

original training examples K times where

P ( K = k ) =

�

N

k

� �

1

N

�

k

�

1 �

1

N

�

N � k

whic h is the binomial distribution. As N ! 1 , the

distribution of K tends to a P oisson(1) distribution:

K �

exp ( � 1)

k !

. This suggests that w e can p erform bag-

ging online as follo ws: as eac h training example is pre-

sen ted to our algorithm, for eac h base mo del, c ho ose

the example K � P oisson (1) times and up date the

base mo del accordingly . In the pseudo co de b elo w, h

is the set of M base mo dels learned so far and d is the

latest training example to arriv e.

OnlineBagging ( h ; d )

F or eac h base mo del h

m

, ( m 2 f 1 ; 2 ; : : : ; M g ) in

the ensem ble,

� Set k according to P oisson (1).

� Do k times

h

m

= L

o

( h

m

; d )

New instances are classi�ed the same w a y in online

and batc h bagging|b y un w eigh ted v oting of the M

base mo dels.

Online bagging is a go o d appro ximation to batc h bag-

ging to the exten t that their base mo del learning algo-

rithms pro duce similar h yp otheses when trained with

similar distributions of training examples. W e �rst

pro v e that if the same original training set is supplied

to the t w o bagging algorithms, then the distributions

2

The n um b er of base mo dels is normally c hosen b y trial

and error but sometimes a v alidation set is used [6 ].



o v er the training sets supplied to the base mo dels in

batc h and online bagging con v erge as the size of that

original training set gro ws to in�nit y .

De�ne �

m

b

to b e a v ector of length N where the i th

elemen t represen ts the n um b er of times that the i th

original training example is included in the b o otstrap

training set of the m th base mo del under batc h bag-

ging. Sampling with replacemen t in the batc h bagging

algorithm is done b y p erforming N trials where eac h

trial yields one of the N training examples, all of whic h

ha v e equal probabilit y

1

N

of b eing dra wn. Therefore,

�

m

b

� M ul tinomial ( N ;

1

N

), where all the training ex-

amples ha v e equal \success probabilit y"

1

N

. De�ne

�

m

o

to b e the online bagging v ersion of �

m

b

. W e men-

tioned earlier that, under online bagging, eac h train-

ing example is c hosen a n um b er of times according to

a P oisson (1) distribution. Since there are N training

examples, there are N suc h trials; therefore, the total

n um b er of examples dra wn has a P oisson ( N ) distribu-

tion. Because eac h example has an equal probabilit y

of b eing dra wn, w e can recast sampling in the online

bagging algorithm as p erforming N

0

� P oisson ( N )

trials where eac h trial yields one of the N training

examples, all of whic h ha v e equal probabilit y

1

N

of b e-

ing dra wn. Therefore, �

o

�

P

N

t =0

P ( P oisson ( N ) =

t ) M ul tinomial ( t;

1

N

).

Theorem As N ! 1 , P ( �

b

) con v erges in distribution

to P ( �

o

).

Pro of The probabilit y generating function [10 ] for

the batc h bagging algorithm's sampling distribution,

M ul tinomial ( N ;

1

N

), is

G

M ult ( N ;

1

N

)

( x

1

; : : : ; x

N

) =

�

1

N

( x

1

+ : : : + x

N

)

�

N

:

The generating function for a M ul tinomial (1 ;

1

N

) dis-

tribution is

G

M ult (1 ;

1

N

)

( x

1

; : : : ; x

N

) =

1

N

( x

1

+ : : : + x

N

) :

The generating function for a P oisson ( N ) distribu-

tion is G

P oi ( N )

( s ) = exp ( N ( s � 1). Online bag-

ging's sampling algorithm in v olv es p erforming N

0

M ul tinomial (1 ;

1

N

) trials; therefore, the generating

function for online bagging's sampling distribution is

G

P oi ( N )

( G

M ult (1 ;

1

N

)

( x

1

; : : : ; x

N

)) =

exp

�

N

�

1

N

( x

1

+ : : : + x

N

) � 1

� �

:

F urthermore, it is a standard result [10 ] that

lim

N !1

G

M ult ( N ;

1

N

)

( x

1

; : : : ; x

N

) =

lim

N !1

�

1 +

�

x

1

+ : : : + x

N

� N

N

�

N

�

=

exp

�

N

�

1

N

( x

1

+ : : : + x

N

) � 1

� �

:

The con v ergence of the generating functions implies

the con v ergence of the probabilities for ev ery p ossible �

v ector; therefore, the t w o sampling metho ds con v erge

in distribution.

�

De�ne R esampl e ( � ; T ) to b e a function that tak es as

input the original training set T and a v ector � whic h

has the same length as T and whose i th elemen t is the

n um b er of times that the i th training example from T

is included in the b o otstrap training set. This func-

tion returns the actual b o otstrap training set induced

b y � and T . W e assume that the N examples in T are

dra wn randomly and indep enden tly from a �xed distri-

bution. The sampling distributions of batc h and online

bagging induce distributions o v er the base h yp otheses

P

�

b

L

b

( R esampl e ( �

b

; T )) and P

�

o

L

o

( R esampl e ( �

o

; T )),

resp ectiv ely . A batc h-bagged ensem ble consists of

M indep enden t and iden tically distributed (i.i.d.)

dra ws from P

�

b

L

b

( R esampl e ( �

b

; T )). An online-

bagged ensem ble consists of M i.i.d. dra ws from

P

�

o

L

o

( R esampl e ( �

o

; T )). W e w ould lik e to sho w that

P

�

o

L

o

( R esampl e ( �

o

; T )) ! P

�

b

L

b

( R esampl e ( �

b

; T )).

Clearly , this is not true for all learning algorithms L

b

and L

o

. Supp ose that L

o

and L

b

return some n ull h y-

p othesis unless the training set has exactly N exam-

ples: L

b

is alw a ys giv en N examples, but as N ! 1 ,

the probabilit y that L

o

receiv es N examples tends to

0. In tuitiv ely , w e need a learning algorithm that is

\w ell-b eha v ed," in the sense that, as N ! 1 , ha ving

a few more or few less examples in the b o otstrapp ed

training set should not mak e a signi�can t di�erence in

the learning algorithm's output.

Lo cal learning algorithms suc h as K-Nearest-Neigh b or

are clearly w ell-b eha v ed in this sense. A K-Nearest

Neigh b or base mo del returns a classi�cation for a new

test example x based on the K nearest neigh b ors

within its b o otstrap training set. It can b e sho wn eas-

ily that the distribution o v er the K nearest neigh b ors

for batc h bagging con v erges to that of online bagging

as N ! 1 .

Simple con tingency-table learning is also w ell-b eha v ed.

F or ev ery class c , w e ha v e P ( C = c j x ) = P ( x; c ) =P ( x ),

Since the denominator is the same for all c , w e can just

consider P ( x; c ) for the purp ose of classi�cation. De-

�ne p

x;c

to b e the fraction of examples within T of the

form ( x; c ), i.e., ha ving attribute v alues x and class c .

Batc h bagging dra ws b o otstrap training sets according

to �

b

� M ul tinomial ( N ;

1

N

), whic h means it p erforms

N i.i.d. trials in whic h the probabilit y of c ho osing an

example ( x; c ) is p

x;c

; therefore, P

�

b

( x; c ) = p

x;c

. On-

line bagging dra ws b o otstrap training sets according

to �

o

�

P

N

t =0

P ( P oisson ( N ) = t ) M ul tinomial ( t;

1

N

),

whic h in v olv es p erforming t i.i.d. trials in whic h the

probabilit y of c ho osing an example ( x; c ) is p

x;c

; there-



AdaBo ost ( f ( x

1

; y

1

) ; : : : ; ( x

N

; y

N

) g ; L

b

; M )

� Initialize D

1

( n ) = 1 = N for all n 2 f 1 ; 2 ; : : : ; N g .

� Do for m = 1 ; 2 ; : : : ; M :

{ 1. Call L

b

with the distribution D

m

.

{ 2. Get bac k a h yp othesis h

m

: X ! Y .

{ 3. Calculate the error of h

m

: �

m

=

P

n : h

m

( x

n

) 6= y

n

D

m

( n ). If �

m

> 1 = 2 then set

M = m � 1 and ab ort this lo op.

{ 4. Set �

m

=

�

m

1 � �

m

.

{ 5. Up date distribution D

m

:

D

m +1

( n ) =

D

m

( n )

Z

m

�

�

�

m

if h

m

( x

n

) = y

n

1 otherwise

where Z

m

is a normalization constan t c hosen

so that D

m +1

is a probabilit y distribution.

� Output the �nal h yp othesis: h

f in

( x ) =

ar g max

y 2 Y

P

m : h

m

( x )= y

l og

1

�

m

:

Figure 1: AdaBo ost.M1 algorithm from [8]

fore,

P

�

o

( x; c ) =

N

X

t =0

P ( P oisson ( N ) = t ) P

� 2 M ult ( t;

1

N

)

( x; c ) = p

x;c

:

Since P

�

b

( x; c ) = P

�

o

( x; c ) for all examples ( x; c ), the

exp ected coun ts in eac h en try of the con tingency tables

are the same under online and batc h bagging; there-

fore, the classi�cations of new examples ha v e the same

exp ectation under online and batc h bagging.

W e are w orking on describing a larger set of learning

algorithms that are w ell-b eha v ed.

3 Online Bo osting

Our online b o osting algorithm is designed to cor-

resp ond to the batc h b o osting algorithm, Ad-

aBo ost.M1 [8 ]. W e giv e the pseudo co de for AdaBo ost

in Figure 1, where the inputs are a set of training

examples f ( x

1

; y

1

) ; : : : ; ( x

N

; y

N

) g , base learning algo-

rithm L

b

, and the n um b er of base mo dels M to b e gen-

erated. As explained earlier, AdaBo ost.M1 generates

a sequence of base mo dels h

1

; : : : ; h

M

using w eigh ted

training sets suc h that the training examples misclas-

si�ed b y mo del h

m � 1

are giv en half the total w eigh t

for mo del h

m

and the correctly classi�ed examples are

giv en the remaining half of the w eigh t.

In our online b o osting algorithm pseudo co de (Fig-

ure 2), h

M

is the set of M base mo dels learned so

OnlineBo osting ( h

M

; O nl ineB ase; d )

� Set the example's \w eigh t" �

d

= 1.

� F or eac h base mo del h

m

, ( m 2 f 1 ; 2 ; : : : ; M g ) in

the ensem ble,

{ 1. Set k according to P oisson ( �

d

).

{ 2. Do k times

h

m

= O nl ineB ase ( h

m

; d )

{ 3. If h

m

( d ) is the correct lab el,

� then

� �

sc

m

 � �

sc

m

+ �

d

� �

d

 � �

d

�

N

2 �

sc

m

�

� else

� �

sw

m

 � �

sw

m

+ �

d

� �

d

 � �

d

�

N

2 �

sw

m

�

T o classify new examples:

� F or eac h m 2 f 1 ; 2 ; : : : ; M g

Calculate �

m

=

�

sw

m

�

sc

m

+ �

sw

m

and �

m

=

�

m

1 � �

m

� Return h ( x ) = ar g max

c 2 C

P

m : h

m

( x )= y

l og

1

�

m

.

Figure 2: Online Bo osting Algorithm

far, d is the latest training example to arriv e, and

O nl ineB ase is the incremen tal learning algorithm that

tak es a curren t h yp othesis and training example as in-

put and returns an up dated h yp othesis. Our online

b o osting algorithm is similar to our online bagging al-

gorithm except that when a base mo del misclassi�es

a training example, the P oisson distribution parame-

ter ( � ) asso ciated with that example is increased when

presen ted to the next base mo del; otherwise it is de-

creased. F or example, in Figure 3, in the upp er left

corner (p oin t \a" in the diagram) is the �rst training

example. This example up dates the �rst base mo del

but is still misclassi�ed after training, so its w eigh t

is increased (the rectangle \b" used to represen t it is

taller). This example with its higher w eigh t up dates

the second base mo del and then correctly classi�es it,

so its w eigh t decreases (rectangle \c"). Just as in Ad-

aBo ost, our algorithm giv es the examples misclassi�ed

b y one stage half the total w eigh t in the next stage;

the correctly classi�ed examples are giv en the remain-

ing half of the w eigh t.

3

W e can see this b y examining

the adjustmen ts to �

d

sho wn in Figure 2 item 3 as

follo ws. Supp ose that �

sc

m

is the sum of the � v alues

for the examples that w ere classi�ed correctly b y the

base mo del at stage m and �

sw

m

is the same sum for

3

W e discuss a ca v eat to this p oin t at the end of this

section.



a b c

Weighted
Combination

Training
Examples

. . .

Figure 3: Illustration of online b o osting in progress. Eac h ro w represen ts one example b eing passed in sequence to

all the base mo dels for up dating; time runs do wn the diagram. Eac h base mo del (depicted as a tree) is generated

b y up dating the base mo del ab o v e it with the next w eigh ted training example. Eac h rectangle represen ts a

training example|the heigh t of the rectangle represen ts its w eigh t.

incorrectly classi�ed examples. F or the next stage of

b o osting, w e w an t these t w o sums to b e scaled to the

same v alue, just as in AdaBo ost;

4

therefore, w e w an t

to �nd the factors f

c

m

and f

w

m

that scale �

sc

m

and �

sw

m

to half the total w eigh t, resp ectiv ely . The sum of all

AdaBo ost w eigh ts is one; therefore, the sum of all the

� s for our online algorithm is N , whic h is the n um b er

of examples seen so far. Therefore, w e get:

�

sc

m

f

c

m

=

N

2

= ) f

c

m

=

N

2 �

sc

m

�

sw

m

f

w

m

=

N

2

= ) f

w

m

=

N

2 �

sw

m

:

Note that w e exp ect that �

sc

m

> N = 2 and �

sw

m

< N = 2

and, therefore, that f

c

m

< 1 and f

w

m

> 1, whic h means

4

In AdaBo ost terminology , the examples' w eigh ts w ould

actually b e �

d

= N , but since our algorithm w orks with the

� v alues, w e treat them as w eigh ts.

that the w eigh ts of correctly classi�ed examples will

decrease, and the w eigh ts of incorrectly classi�ed ex-

amples will increase, as desired.

One area of concern is that, in AdaBo ost, an exam-

ple's w eigh t is adjusted based on the p erformance of

a base mo del on the en tire training set while in on-

line b o osting, the w eigh t adjustmen t is based on the

base mo del's p erformance only on the examples seen

earlier. T o see wh y this ma y b e an issue, consider run-

ning AdaBo ost and online b o osting on a training set

of size 10000. In AdaBo ost, the �rst base mo del h

1

is

generated from all 10000 examples b efore b eing tested

on, sa y , the ten th training example. In online b o ost-

ing, h

1

is generated from only the �rst ten examples

b efore b eing tested on the ten th example. Clearly , w e

ma y exp ect the t w o h

1

's to b e v ery di�eren t; therefore,

h

2

in AdaBo ost and h

2

in online b o osting ma y b e pre-

sen ted with di�eren t w eigh ts for the ten th example.

This ma y , in turn, lead to v ery di�eren t w eigh ts for
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Figure 4: Learning curv es for Car-Ev aluation dataset

the ten th example when presen ted to h

3

in eac h algo-

rithm, and so on. In tuitiv ely , w e w an t online b o osting

to get a go o d mix of training examples so that the

normalized error of eac h base mo del in online b o ost-

ing quic kly con v erges to what it is in AdaBo ost. The

more rapidly this con v ergence o ccurs, the more similar

the w eigh t adjustmen ts will b e and the more similar

their p erformances will b e.

4 Exp erimen tal Results

In this section, w e discuss some exp erimen ts that

demonstrate that our online algorithms p erform more

lik e their batc h coun terparts as the n um b er of train-

ing examples increases. W e ha v e implemen ted online

bagging and online b o osting with decision trees and

Naiv e Ba y es classi�ers as the base mo dels. F or de-

cision trees, w e ha v e reimplemen ted the lossless ITI

online algorithm [14 ]; batc h and online Naiv e Ba y es

algorithms are essen tially iden tical.

T o illustrate the con v ergence of batc h and online learn-

ing, w e exp erimen ted with the Car Ev aluation dataset

from the UCI Mac hine Learning Rep ository [2]. The

dataset has 1728 examples, of whic h w e retained 346

(20%) as a test set and used 200, 400, 600, 800, 1000,

1200, and all the remaining 1382 examples as training

sets. W e ran eac h algorithm (except decision trees) ten

times with eac h n um b er of training examples to ac-

coun t for the randomness in the ensem ble algorithms.

The results are sho wn in Figure 4.

The �gure sho ws batc h and online bagging with de-

cision trees p erforming iden tically (and alw a ys signif-

ican tly b etter than a single decision tree). AdaBo ost

also p erforms signi�can tly b etter than a single deci-

sion tree for all n um b ers of examples. Online b o ost-

ing struggles at �rst but p erforms comparably to Ad-

aBo ost and signi�can tly b etter than single decision

trees for the maxim um n um b er of examples. Note

that online b o osting's p erformance steadily b ecomes

closer to that of AdaBo ost as the n um b er of examples

gro ws, as one exp ects from an online algorithm when

compared to its batc h v ersion.

W e tested our algorithms on sev eral UCI datasets [2]

with v arying sizes and n um b ers of attributes (see T a-

ble 1). The accuracies of our algorithms are giv en in

T able 2 and T able 3 in increasing order of dataset size.

Boldface en tries represen t cases when the ensem ble al-

gorithm signi�can tly (t-test, � = 0 : 05) outp erformed

a single mo del while italicized en tries represen t cases

when the ensem ble algorithm signi�can tly underp er-

formed relativ e to a single mo del. The batc h algo-

rithm accuracies are a v erages o v er ten runs of �v e-

fold cross-v alidation. W e tested our online algorithms

with �v e random orders of eac h training set generated

for the batc h algorithms. (Order matters for online

b o osting, ev en with a lossless learning algorithm.) W e

tested bagging and b o osting with decision trees only

on some of the smaller datasets b ecause the ITI algo-

rithm pro v ed to o exp ensiv e with larger ones. Ev en for

the v ery small Promoters dataset, the AdaBo ost algo-

rithm ran in around 30 seconds while online b o osting

needed ab out 15 hours. This compares to around 1

second for online b o osting with Naiv e Ba y es.

With decision trees, online b o osting p erformed signi�-

can tly w orse than AdaBo ost on the Promoters dataset,

signi�can tly b etter on Balance, and comparably on

the remaining datasets. Bagging and online bagging

p erformed noticeably b etter than single decision trees

on all except the Breast Cancer dataset. With Naiv e

Ba y es, bagging and online bagging nev er p erformed

noticeably b etter than Naiv e Ba y es, whic h w e ex-

p ected b ecause of the stability of Naiv e Ba y es [3].

Bo osting and online b o osting p erformed comparably

to eac h other on all but the relativ ely small Promot-

ers dataset and their p erformances relativ e to a sin-

gle Naiv e Ba y es classi�er consisten tly impro v ed as the

sizes of the datasets grew. On the Balance and So y-

b ean datasets, the b o osting algorithms p erformed sig-

ni�can tly w orse than Naiv e Ba y es. On the Breast Can-

cer dataset, AdaBo ost p erformed signi�can tly w orse

and online b o osting p erformed marginally w orse. On

the Car Ev aluation and Chess datasets, AdaBo ost and

online b o osting p erformed signi�can tly b etter than

Naiv e Ba y es. On the Nursery dataset, AdaBo ost p er-

formed signi�can tly b etter and online b o osting p er-

formed marginally b etter.

5 Conclusions

The pap er has describ ed online v ersions of the p opu-

lar bagging and b o osting algorithms and has sho wn,



T able 1: Sizes of the UCI datasets used in our exp erimen ts.

Data Set T raining T est Inputs Classes

Set Set

Promoters 86 20 57 2

Balance 500 125 4 3

So yb ean-Large 307 376 35 19

WI. Breast Cancer 559 140 9 2

German Credit 800 200 20 2

Car Ev aluation 1382 346 6 4

Chess 2556 640 36 2

Mushro om 6499 1625 22 2

Nursery 10368 2592 8 5

T able 2: Results (fraction correct): batc h and online algorithms (with Decision T rees) on UCI Datasets

Dataset Decision T ree Bagging Online Bagging AdaBo ost Online Bo osting

Promoters 0.75 0.82 0.845 0.935 0.77

Balance 0.792 0.8128 0.8032 0.7408 0.7664

WI Breast Cancer 0.9786 0.9714 0.9714 0.9729 0.9679

Car Ev aluation 0.9537 0.9673 0.9679 0.9664 0.9639

through exp erimen t, that these online v ersions t ypi-

cally p erform comparably to their batc h coun terparts.

The algorithms ha v e lo w o v erhead and are quite suit-

able for practical applications. Our curren t empirical

w ork fo cuses on testing with large, con tin uously arriv-

ing data streams. W e ha v e also sho wn that batc h and

online bagging are iden tical for large datasets pro vided

that the base learning algorithm is w ell-b eha v ed in a

certain sense. Theoretical tasks include c haracteriz-

ing more tigh tly the class of learning algorithms for

whic h con v ergence b et w een online and o�ine bagging

can b e pro v ed and dev eloping an analytical framew ork

for online b o osting. W e are also in v estigating the case

of lossy online learning and its e�ect on ensem ble p er-

formance.
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