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ABSTRACT
Bagging and b o osting are w ell-kno wn ensem ble learning meth-

o ds. They com bine m ultiple learned base mo dels with the

aim of impro ving generalization p erformance. T o date, they

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

m ultiple passes through the training data. In previous w ork,

w e presen ted online bagging and b o osting algorithms that

only require one pass through the training data and pre-

sen ted exp erimen tal results on some relativ ely small datasets.

Through additional exp erimen ts on a v ariet y of larger syn-

thetic and real datasets, this pap er demonstrates that our

online v ersions p erform comparably to their batc h coun ter-

parts in terms of classi�cation accuracy . W e also demon-

strate the substan tial reduction in running time w e obtain

with our online algorithms b ecause they require few er passes

through the training data.

1. INTRODUCTION
T raditional sup ervised learning algorithms generate a sin-

gle mo del suc h as a decision tree or neural net w ork and use

it to classify examples.

1

Ensemble learning algorithms com-

bine the predictions of m ultiple b ase mo dels , eac h of whic h

is learned using a traditional algorithm. Bagging [3] and

Bo osting [4] 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 ving

generalization p erformance compared to the individual base

mo dels. Theoretical analysis of b o osting's p erformance sup-

p orts these results [4].

In previous w ork [7], w e dev elop ed online v ersions of these

algorithms. 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 yp othesis that re-


ects all the training instances seen so far. Suc h algorithms

ha v e adv an tages o v er t ypical batc h algorithms in situations

where data arriv e con tin uously . They are also useful with

1

In this pap er, w e only deal with the classi�cation problem.
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v ery large data sets on secondary storage, for whic h the

m ultiple passes required b y most batc h algorithms are pro-

hibitiv ely exp ensiv e. In Sections 2 and 3, w e describ e our

online bagging and online b o osting algorithms, resp ectiv ely .

Sp eci�cally , w e describ e ho w w e mirror the metho ds that

the batc h bagging and b o osting algorithms use to gener-

ate distinct base mo dels, whic h are kno wn to help ensem ble

p erformance.

In our previous w ork, w e also discussed our theoretical

results and some empirical comparisons of the classi�cation

accuracies of our online algorithms and the corresp onding

batc h algorithms on some relativ ely small datasets. In Sec-

tion 4, w e review the previous exp erimen ts and further ex-

plore the b eha vior of our online algorithms through exp eri-

men ts with larger datasets|b oth syn thetic and real. Con-

sisten t with previous w ork, w e run our online bagging and

b o osting algorithms with lossless online algorithms for de-

cision trees and Naiv e Ba y es classi�ers|for a giv en training

set, a lossless online learning algorithm returns a h yp oth-

esis iden tical to that returned b y the corresp onding batc h

algorithm. Ov erall, our online bagging and b o osting algo-

rithms p erform comparably to their batc h coun terparts in

terms of classi�cation accuracy . W e also compare their run-

ning times. If the online base mo del learning algorithm is

not signi�can tly slo w er than the corresp onding batc h algo-

rithm, then the bagging and online bagging algorithms do

not ha v e a large di�erence in their running time in our tests.

On the other hand, our online b o osting algorithm runs sig-

ni�can tly faster than batc h b o osting. F or example, on our

largest dataset, batc h b o osting ran four times longer than

online b o osting to ac hiev e comparable classi�cation accu-

racy .

Sometimes our online b o osting algorithm signi�can tly un-

derp erforms batc h b o osting for a small n um b er of training

examples. Ev en when the training set is large, our online

algorithm ma y underp erform initially b efore �nally catc hing

up to the batc h algorithm. This c haracteristic is common

with online algorithms b ecause they do not ha v e the luxury

of viewing the training set as a whole the w a y batc h algo-

rithms do. W e exp erimen t with \priming" online b o osting

b y running it in batc h mo de for some initial subset of the

training set and running in online mo de for the remainder

of the training set. In most of the exp erimen ts that w e dis-

cuss in this pap er, priming leads to impro v ed classi�cation

p erformance.

W e also compare the base mo dels' error rates on the train-
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Figure 1: Online Bagging Algorithm: h is the set of M

base mo dels learned so far, d is the latest training exam-

ple to arriv e, and L

o

is the online base mo del learning

algorithm.

ing set under batc h and online b o osting. This is an imp or-

tan t comparison b ecause these errors are used to calculate

the w eigh ts of the training examples supplied to the di�er-

en t base mo dels. They are also used to assign w eigh ts to

the base mo dels for use when classifying a new example.

The closer these errors are, the more similar the training

example w eigh ts and base mo del w eigh ts are in the t w o algo-

rithms, leading to more similar classi�cation p erformances.

The base mo del error rates exhibit similar trends in batc h

and online b o osting, whic h partly explains the similar clas-

si�cation accuracies w e ha v e obtained so far.

Our exp erimen ts with syn thetic datasets are mean t to

compare batc h and online b o osting with base mo dels ha v-

ing small, medium, and large errors. Our three syn thetic

datasets are of v arying di�cult y for learning Naiv e Ba y es

classi�ers. W e sho w that b o osting b eha v es di�eren tly on

these datasets and that online b o osting mirrors these b e-

ha viors.

2. ONLINE BAGGING
Giv en a training dataset of size N , standard batc h bagging

creates M base mo dels, eac h trained on a b o otstrap sam-

ple of size N created b y dra wing random samples with re-

placemen t from the original training set. Eac h base mo del's

training set con tains K copies of eac h of the original training

examples where

P ( K = k ) =

 

N

k

!

�

1

N

�

k

�

1 �

1

N

�

N � k

whic h is the Binomial distribution. As N ! 1 , the dis-

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

k ) �

exp ( � 1)

k !

. As discussed in [7], w e can p erform bag-

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

ingly (see �gure 1). 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 algorithms

pro duce similar h yp otheses when trained with similar dis-

tributions of training examples. In past w ork [7], w e pro v ed

that if the same original training set is supplied to the t w o

bagging algorithms, then the distributions o v er the training

sets supplied to the base mo dels in batc h and online bag-

ging con v erge as the size of that original training set gro ws

to in�nit y . W e further pro v ed, for some v ery simple learn-

ing algorithms ( K -Nearest Neigh b or and con tingency-table

learning), that the con v ergence of the distributions o v er the
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Figure 2: Online Bo osting Algorithm: h is the set of M

base mo dels learned so far, d is the latest training exam-

ple to arriv e, and L

o

is the online base mo del learning

algorithm.

training sets leads to con v ergence of the classi�cation p er-

formance of online bagging to that of batc h bagging. W e are

w orking on tigh tly c haracterizing the learning algorithms for

whic h w e obtain this t yp e of con v ergence.

3. ONLINE BOOSTING
Our online b o osting algorithm is designed to corresp ond

to the batc h b o osting algorithm, AdaBo ost.M1 [4]. Ad-

aBo ost generates a sequence of base mo dels h

1

; : : : ; h

M

us-

ing w eigh ted training sets suc h that the training examples

misclassi�ed b y mo del h

m � 1

are giv en half the total w eigh t

when generating mo del h

m

and the correctly classi�ed ex-

amples are giv en the remaining half of the w eigh t.

Our online b o osting algorithm (Figure 2) is similar to our

online bagging algorithm except that when a base mo del

misclassi�es a training example, the P oisson distribution pa-

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

presen ted to the next base mo del; otherwise it is decreased.

Just as in AdaBo ost, our algorithm giv es the examples mis-

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

the correctly classi�ed examples are giv en the remaining half

of the w eigh t.

One area of concern is that, in AdaBo ost, an example's

w eigh t is adjusted based on the p erformance of a base mo del

on the en tire training set while in online 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 running 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.

2

In online b o osting, h

1

is generated from only the �rst ten examples b efore b eing

2

Recall that w e test base mo del h

m

on the training exam-

ples in order to adjust their w eigh ts b efore using them to

generate base mo del h

m +1

.



T able 1: The datasets used in our exp erimen ts. F or

the So yb ean and Census Income datasets, w e ha v e

giv en the sizes of the supplied training and test sets.

F or the remaining datasets, w e ha v e giv en the sizes

of the training and test sets in our �v e-fold cross-

v alidation runs.

Data Set T raining T est Inputs Classes

Set Set

Promoters 84 22 57 2

Balance 500 125 4 3

So yb ean-Large 307 376 35 19

Breast Cancer [5] 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

Connect4 54045 13512 42 3

Syn thetic-1 80000 20000 20 2

Syn thetic-2 80000 20000 20 2

Syn thetic-3 80000 20000 20 2

Census Income 199523 99762 39 2

F orest Co v ert yp e 464809 116203 54 7

tested on the ten th example. Clearly , at the momen t when

the ten th training example is b eing tested, 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 presen ted with di�eren t

w eigh ts for the ten th training example. This ma y , in turn,

lead to di�eren t w eigh ts for the ten th example when gener-

ating h

3

in eac h algorithm, 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 base mo dels and their normalized errors in online

b o osting quic kly con v erge to what they are in AdaBo ost.

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

the training examples' w eigh t adjustmen ts will b e and the

more similar their p erformances will b e. In the next section,

w e demonstrate, for some of our larger datasets, that this

app ears to happ en.

4. EXPERIMENTAL RESULTS
In this section, w e discuss some exp erimen ts that demon-

strate the p erformance of our online algorithms relativ e to

their batc h coun terparts. F or decision trees, w e ha v e reim-

plemen ted the lossless ITI online algorithm [8] in C++;

batc h and online Naiv e Ba y es algorithms are essen tially iden-

tical. W e ran these exp erimen ts on Dell 6350 computers

ha ving 600MHz P en tium I I I pro cessors and 2GB of mem-

ory .

4.1 The Data
W e tested our algorithms on sev eral UCI datasets [2], t w o

datasets (Census Income and F orest Co v ert yp e) from the

UCI KDD arc hiv e [1], and three syn thetic datasets. W e giv e

their sizes and n um b ers of attributes and classes in T able 1.

All three of our syn thetic datasets ha v e t w o classes. The

prior probabilit y of eac h class is 0.5, and ev ery attribute ex-

cept the last one is conditionally dep enden t up on the class

T able 2: P ( A

a

= 0 j A

a +1

; C ) for a 2 f 1 ; 2 ; : : : ; 19 g in

Syn thetic Datasets

P ( A

a

= 0) A

a +1

= 0 A

a +1

= 1

C = 0 0.8 0.2

C = 1 0.9 0.1

and the next attribute. W e set up the attributes this w a y

b ecause the Naiv e Ba y es mo del only represen ts the prob-

abilities of eac h attribute giv en the class, and w e w an ted

data that is not realizable b y a single Naiv e Ba y es classi�er

so that b o osting is more lik ely to yield impro v emen t. The

probabilities of eac h attribute except the last one ( A

a

for

a 2 f 1 ; 2 ; : : : ; 19 g ) are as sho wn in T able 2.

The only di�erence b et w een the three syn thetic datasets

is P ( A

20

j C ). In Syn thetic-1, P ( A

20

= 0 j C = 0) = 0 : 495 and

P ( A

20

= 0 j C = 1) = 0 : 505. In Syn thetic-2, these probabili-

ties are 0.1 and 0.8, while in Syn thetic-3, these are 0.01 and

0.975, resp ectiv ely .

4.2 General Results
Figures 3 and 4 are scatterplots comparing the errors of

the batc h and online v ersions of bagging and b o osting. The

full pap er [6] con tains a table with all the results. Eac h p oin t

in the �gures represen ts one dataset. T o reduce clutter, w e

do not sho w error bars in our �gures, ho w ev er w e p erformed

signi�cance tests (t-test, � = 0 : 05) and discuss the results

later in this pap er. The batc h algorithm accuracies are a v er-

ages o v er ten runs of �v e-fold cross-v alidation for a total of

50 runs, except for the So yb ean and Census Income datasets

where w e p erformed ten runs with the supplied training and

test set. 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 learn-

ing algorithm) for a total of 250 runs (50 runs on the So yb ean

and Census Income datasets). W e tested bagging and b o ost-

ing with decision trees only on some of the smaller datasets

(Promoters, Balance, Breast Cancer, Car Ev aluation) b e-

cause the lossless decision tree algorithm is to o exp ensiv e

with larger datasets in online mo de. Bagging and online

bagging p erform comparably in all our tests. Bo osting and

online b o osting p erform comparably on all except the v ery

small Promoters dataset.

The largest dataset for whic h w e ran the bagging and

b o osting algorithms with decision trees w as the Car Ev alu-

ation dataset from the UCI Rep ository . Figure 5 sho ws the

learning curv e. Batc h and online bagging with decision trees

p erform almost iden tically (and alw a ys signi�can tly b etter

than a single decision tree). AdaBo ost also p erforms sig-

ni�can tly b etter than a single decision tree for all n um b ers

of examples. Online b o osting struggles at �rst but p erforms

comparably to AdaBo 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.

Figure 6 sho ws the learning curv es for the Census Income

dataset. Batc h and online b o osting p erform comparably

to eac h other and signi�can tly outp erform a single mo del

for all n um b ers of examples. On the other hand, bagging



and online bagging do not impro v e signi�can tly up on a sin-

gle Naiv e Ba y es classi�er. Bagging do es not impro v e up on

Naiv e Ba y es on an y of the datasets, whic h w e exp ected b e-

cause of the stability of Naiv e Ba y es [3], i.e., small c hanges

in the dataset do not signi�can tly c hange eac h Naiv e Ba y es

classi�er, so that almost all of the base mo dels tend to v ote

the same w a y for a giv en example. Online bagging alw a ys

p erforms comparably to batc h bagging in our exp erimen ts;

therefore, online bagging also do es not impro v e up on Naiv e

Ba y es.

4.3 Priming the Online Boosting Algorithm
Figure 7 giv es a scatterplot similar to Figure 4 except

that the online b o osting algorithm trains in batc h mo de with

some initial p ortion of the training set and online mo de with

the remainder. In primed mo de, batc h training w as done

with the lesser of the �rst 20% of the dataset or the �rst

10000 training examples. Ov erall, primed online b o osting

impro v es up on the unprimed v ersion. Only in case of the

Promoters dataset with Naiv e Ba y es classi�ers did priming

yield signi�can t impro v emen t o v er unprimed online b o ost-

ing. Nev ertheless, w e did ac hiev e some impro v emen t through

priming in all cases except Promoters and Breast Cancer

with decision trees, and So yb ean, Car Ev aluation, and F or-

est Co v ert yp e with Naiv e Ba y es.

As w e discussed earlier, in the Car Ev aluation dataset's

learning curv es (Figure 5), online b o osting signi�can tly un-

derp erforms batc h b o osting for all but the maxim um n um b er

of examples. Figure 8 displa ys the original batc h b o osting

and online b o osting learning curv es along with primed on-

line b o osting with the �rst 200 training examples learned

in batc h mo de. Primed online b o osting with decision trees

p erforms comparably to batc h b o osting for all n um b ers of

examples, i.e., its p erformance gets close to batc h b o osting's

p erformance m uc h quic k er.

4.4 Base Model Errors
Figures 9 and 10 sho w the a v erage errors on the train-

ing sets of the consecutiv e base mo dels in batc h and online

b o osting with Naiv e Ba y es for the second syn thetic dataset

and Census Income dataset, resp ectiv ely (see the full pa-

p er [6] for more suc h graphs). As men tioned earlier, the

closer these errors are in batc h and online b o osting, the

closer the b eha vior of these t w o algorithms. W e depict the

a v erage errors for the maxim um n um b er of base mo dels gen-

erated b y the batc h b o osting algorithm. F or example, on the

Census Income dataset, no run of batc h b o osting ev er gen-

erated more than 22 base mo dels. This happ ens b ecause

if the next base mo del that is generated has error greater

than 0.5, then the algorithm stops. Our online b o osting al-

gorithm alw a ys generates the full set of 100 base mo dels b e-

cause, during training, w e do not kno w ho w the base mo del

errors will 
uctuate; ho w ev er, to classify a new example, w e

only use the �rst L base mo dels suc h that mo del L + 1 has

error greater than 0.5.

The base mo del errors of online and batc h b o osting are

quite similar for Syn thetic-2: the �rst base mo del p erforms

quite w ell in b oth batc h and online b o osting. Both algo-

rithms then follo w the pattern of ha ving subsequen t base

mo dels p erform w orse, whic h is t ypical b ecause subsequen t

base mo dels are presen ted with previously misclassi�ed ex-

amples ha ving higher w eigh t, whic h mak es their learning

problems more di�cult. In the Census Income dataset, the

p erformances of the base mo dels also follo w this general

trend, although more lo osely .

4.5 Running Times
Figures 11 and 12 con tain the a v erage running times of

Naiv e Ba y es and the ensem ble algorithms with Naiv e Ba y es

base mo dels for the Census Income dataset and F orest Co v er-

t yp e dataset, resp ectiv ely . Both the online and batc h ensem-

ble algorithms use a learning algorithm for the Naiv e Ba y es

base mo dels that requires one pass through the training set.

As the n um b er of training examples increases, w e exp ect the

rate of gro wth of the running time to b e less for our online

ensem ble algorithms than for the batc h algorithms. Our on-

line algorithms require only one pass through the training

set whereas batc h bagging requires one pass p er base mo del

(to generate its training set and p erform the training) and

batc h b o osting requires t w o passes p er base mo del (once

to generate the Naiv e Ba y es classi�er and once to test the

newly-generated classi�er on the training examples to up-

date their w eigh ts). Ho w ev er, for small n um b ers of training

examples, the running time ma y b e greater for online learn-

ing b ecause the greater n um b er of passes required through

the data structures that represen t the base mo dels ma y out-

w eigh the greater n um b er of passes required through the

training set. Also, in case of base mo dels for whic h online

learning tak es m uc h more time than batc h learning, the to-

tal execution time for the online ensem ble algorithm w ould

b e m uc h greater than for the batc h algorithm. Additionally ,

our online b o osting algorithm alw a ys generates and up dates

100 base mo dels, whereas b o osting often generates few er

base mo dels as discussed ab o v e.

The running time for online b o osting is substan tially less

than for batc h b o osting on b oth Census Income (20 min utes

vs. 7.1 hours on the en tire dataset) and F orest Co v ert yp e

(4.3 hours vs. 18.8 hours). Relativ e to the b o osting al-

gorithms, the running times of the bagging algorithms are

negligible.

5. CONCLUSIONS
This pap er discusses online v ersions of the p opular bag-

ging and b o osting algorithms. W e ha v e demonstrated that

they mostly p erform comparably to their batc h coun terparts

in terms of classi�cation accuracy . W e exp erimen ted with

priming our algorithm b y running an initial subset of the

training set in batc h mo de and then pro cessing the remain-

ing examples online and ac hiev ed impro v emen t b y doing so.

W e also demonstrated the comparable p erformance of on-

line b o osting and batc h b o osting in more detail b y examin-

ing the errors of the base mo dels on the training set, whic h

directly a�ect the w eigh ts giv en to the training examples

in the di�eren t stages of b o osting. W e ha v e also sho wn

that, if the online base mo del learning algorithm has a run-

ning time comparable to the corresp onding batc h algorithm,

then the running time of online b o osting can b e m uc h lo w er

than batc h b o osting, demonstrating the signi�can t sa vings

obtained b y pro cessing the training set just once.

In addition to con tin uing empirical w ork with large datasets

and di�eren t base mo del learning algorithms, w e are w ork-

ing on sev eral theoretical tasks including tigh tly c haracter-

izing the class of learning algorithms for whic h con v ergence

b et w een online and batc h bagging can b e pro v ed and de-

v eloping an analytical framew ork for online b o osting. W e

are also in v estigating the case of lossy online base mo del
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Figure 3: T est Error Rates: Batc h Bagging vs.
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Online Bo osting, A star indicates that the t w o al-

gorithms used decision tree base mo dels while a

square indicates Naiv e Ba y es base mo dels.
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Figure 5: Learning curv es for Car-Ev aluation

dataset.
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Figure 7: T est Error Rates: Batc h Bo osting vs.

Primed Online Bo osting.
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b o osting.
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Figure 9: Base Mo del Errors for Syn thetic-2

Dataset.
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Figure 10: Base Mo del Errors for Census Income

Dataset.
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Figure 11: Running Times for Census Income

Dataset.
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Figure 12: Running Times for F orest Co v ert yp e

Dataset.

learning and its e�ect on ensem ble p erformance.
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