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Online Boosting Algorithms Based on Exponential and 0-1 Loss

HOU Jie! MAO Yao-Bin* SUN Jin-Sheng!

Abstract In this paper, strict derivation for the online form of Boosting algorithms using exponential loss and 0-1 loss
is presented, which proves that the two online Boosting algorithms can maximize the average margin and minimize the
margin variance. By estimating the margin mean and variance incrementally, Boosting algorithms can be applied to online
learning problems without losing classification accuracy. Experiments on UCI machine learning datasets show that the
online Boosting using exponential loss is as accurate as batch AdaBoost, and significantly outperforms the traditional
online Boosting, and that the online Boosting using 0-1 loss can minimize classification errors of positive samples and
negative samples at the same time, thus applies to imbalance data. Moreover, Boosting using 0-1 loss is more robust on

noisy data.
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H¥r i/ MeaAi i D sk BRI RS Z B8 R(F)
— Ep[L(y, F(x))|1¥:
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RS FREEN KA1 4k Boosting 532 (Boostey,)
5 0-1 #7526 Boosting #.1% (Boostg-1) 433
PEREREAT S50 73 A1, AR5 D18 9 & A8 AN P47 £ A
Mg 7 Kt b SRR R 2 57

AICIEFELLT 7 A UCT Bt 47585 Pro-
moters, Balance-scale, Breast-cancer, German,

Car, Chess 1 Mushroom. Z#afEHiid WL 1.

*1 Btk
Table 1  Datasets description

HRR JE A $ 1E/ SREAE IEFREA AR
Promoters 57 53/53 1.0
Balance-scale 4 288/288 1.0
Breast-cancer 10 241/458 0.53
German 24 300/700 0.43
Car 6 384/1210 0.31
Chess 6 1527/1669 0.91
Mushroom 22 3916/4208 0.93

ATCAE Matlab 885 SCBLIE HC AL LAR ToAb
Boosting 57 i%: it AdaBoost 5%k (ADA). &
i&'}ﬁ %Y:Eéf BOOStiDg ﬁ?ﬂg‘ (OBexp)\ 0-1 %J’E'l %Eéﬁé
Boosting 57 (OBg-1). Oza 551114 Boosting

Hk (OB) LU SCH#k [16] Wit 414 i (Column
Generation) s Kb o — 262 MENE (CG). Hox
OBy, 1 OBo-; MiEZL Boosting 5H.32:, SL5 K H
PRy = A AT RS R A

3.1 AWM

2 B LR e UCT $odis 4 L1 43 K e
. SEEATH] stump 59532888, KA 5 4728 X5
UE, JTA HVEIEAR 100 %8, o8 SRS AE MR E0 b v
TR 2 (AR R ADA 555 S
R SLY 45 ). L ADAL CG 5 OBy, —Ff
o U R R I, AR 7 AN B Loy
JUER e 25 e A K. AR B 1, =& S br BALAAH
[ PRI VR DU R K, PRGOS HE R RS Shen 5511
BE— BT ORI, thT CG HRH T 4/E
T, IR ZE W SIOE e i AL 40 1) ADA L TER,
SR IR R ZE WSO B I AR R T ADA (2 W30k
[16] " 5). OBy S M 5 AU RAT 5 AN
% BAT ADA 5325, R 5N B ADA %
. AR 1 A, XA R AR 2 TR
FEA, RACTHIEARAE. A SCRAERE— 25 5250 T 4y A
OB FEAEX A AP et 5 LIk Re.

#* 2 JLFF Boosting SikAE UCT Hdask LI sLas &5 3

Table 2 Experiment results on UCI datasets
Bk ADA CG OBexp  OBo-1 OB

Promoters 0.8500 0.8500 0.8500 0.8857 0.6571
Balance-scale 0.9259 0.9125 0.9845 0.9810 0.9000
Breast-cancer 0.9231 0.9408 0.9385 0.9612 0.8396
German 0.7550 0.7526  0.7450  0.7250 0.7120
Car 0.8621 0.8518 0.8458 0.8389 0.7705
Chess 0.8990 0.9042 0.9216 0.9416 0.7969
Mushroom 0.9828 0.9743 0.9540 0.9893 0.9025

4 OBexps OBg-; Al OB = £ £k Boost-
ing SIEM o FAEM T LA B R 45 1) OB
VR R RE I %5 Tt iE AdaBoost 81%; 2)
OB.,, 1 OBy, HiksrJKkRe S ADA Sk,
WAL T OB Hik; 3) RA ot s i3 & gk & Ak
I, OBey, 1 OBy HIEL 0 K4 K kRe S
ADA k4R, v HEAUE I E AdaBoost 577k,

R St AdaBoost HiLHEIT, X &
OBexp 1 OBy 1EANTELL Boosting H37: 1 3 ZEL
P AR, Oza SEAE AL ¥R FEZE Boosting 57
YL 23 SR RE 52 K A B 7 H s . R H e ist s
g AT, ASCERHE OBeyp A1 OBg-y
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ARSCRE PRI T FEA TR RIS EE L J7 22 42k
g7 (2 (18)) bRt Z KR, SEH
W HUREAS B 4 % [ #di 5 Chess 5 Mushroom,
KM 5 #7728 EGAIE, T AT SEEIBAN 20 B2, 4R WA
3. MsEe g Wrr LR 2], —Fh Boosting 57541
WRZE B AL VA SE PR iR ZE AR, W72 T
3%, VW7 R 1 i o A B S B, 5
UETHER 2 HIIERATE.

* 3 FEARIFBRIIE . J7 ZRF SRS

Table 3  Average margin, margin variance, and
classification error analysis
Chess Mushroom
FEA TR B 3915 0.1240 0.1343
FEAR (B 75 22 0.0285 0.0488
ADA
FLRIRZE 0.2302 0.3077
SRR 22 0.2305 0.2732
FEA ] B 3915 0.1363 0.3624
AR K T7 % 0.0420 0.1354
OBexp
PligiR 72 0.2530 0.1616
SRR 2 0.2675 0.1498
AR ] B 1 22 0.2296 0.3156
FEAS TH] B 5 22 0.0468 0.0247
OBo-1
PR IR 0.1446 0.0224
SRR 0.1180 0.0483

3.2 AE#Esr Ao

4 BT T A AR VB U 2R 5% ) Boosting 57
VRN IE AUREAS () 43 R UERf PR, I AR RR Y T IE 7

0 3 FEUER 2 22 S ORI S 06 45 1. T4 B 2k
Boosting, S5 L ADA 5 OBy, WA, LK
I 7 NEARE DA = ADAPATER A (BT P2E%k
P, —RFEEARZZ T 5 —FKFEAR): Breast can-
cer. German Fll Car. 3£ 4 248 9L oK, 7E5L
P4k German l Car I ADA 5 OB.,, HiEX i
FEAS 1) 53 R UER 2 AR =1, 1000 IE A A 19 23 S if
AEEAS, BREIEFEARGR S W AFEA. X EERH A
ADA 5 OB., B/ MU ZREEREAR 1) 53 FR 2.
MPAFEARZL Z T IEFEARS, SR S0 5 8 08 22
(1) = ZEDR 28, 0 TEFE AR 15 25 55 1 1) 43 S 2 AT R A 3
AN ZRAE R I AR I o o3 S Pk R DA B 4 A /)
INZRER E1R 23 81 22 AN BRAR L 1 A B AN~ A7 K4
. OBo-y HEH T-50 s/ MEIE AUREA IR 73 F8 1R
75, NEREAREA-EE 50, 72 EAEA EA IR
U (1) 53 R UER 2.

3.3 MREHIELMIREM ST

AdaBoost HLIKI) I > T2 2 il il o B dhs e
FOBUR. BT R T IR E R R R, AT ER A
I S B vy W 7 N B s PR AS TR, AT 5% 1 70 SR8
RO bk, 3 RUERRTE T FE. M0 0-1 433 2% bR £k e
g A7 0 X SO0, ARSCAE 7 A4S UCT #dla e 1
NN - IR I ZRAE A o & BT 5 A4
FEAR A N bRTE, KA LEEL ADAL CG. OBy
A OB~y SR PY RS9 AE M I 2R Mt B i 1 e
SCHR ] 5 A A8 CRAIE, BT SKIA R 100 %28, 45
RUAE 5. WS 4 P SELIEAAT A 7] R JEE (152 Wi,
ol FR B K s B ADA 5 H AR (CG
M OBexp) FTRFEMIECK, 70 RUEMPE N S, M
OBy-1 SLEPTRFEMBUN, A£ 2 D EHRLE Loy 21k
AE FFEANT 5%, THME I, & 5 LIRARRRH 1703
PERE NN T 5% 5L (LR 2 4 5%).

X4 IEVFEAUERTE (EREAHERVE/ SOREAHERS L)

Table 4  Accuracy on positive samples/negative samples
ADA OBexp OBo-1

Kl e
IEREA A IEREA HREA IEREAR HEA
Promoters 0.8400 0.8600 0.8400 0.8600 0.9273 0.8400
Balance-scale 0.8793 0.9724 0.9862 0.9828 0.9793 0.9828
*Breast cancer 0.8813 0.9648 0.9495 0.9275 0.9582 0.9560
*German 0.4700 0.8771 0.3800 0.9014 0.7600 0.7100
*Car 0.5169 0.9719 0.3714 0.9967 1.0000 0.7959
Chess 0.9010 0.8970 0.9377 0.9056 0.9534 0.9298
Mushroom 0.9748 0.9907 0.9195 0.9886 0.9793 0.9993

* O HEARR APATE GE, R T 900 5 AR ST I SR A T SHE R A4
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Table 5  Classification accuracy on noisy training data
Kl e ADA CG OBexp OBo-1
Promoters 0.5429 0.5714 0.5238 0.7429
Balance-scale 0.8345 0.8345 0.7362 0.9483
Breast cancer 0.7108 0.7338 0.8288 0.9571
German 0.6270 0.6590 0.7060 0.7370
Car 0.7379 0.7379 0.7498 0.8364
Chess 0.7587 0.7562 0.7446 0.8923
Mushroom 0.6881 0.6871 0.7471 0.9514
4 g

ARICHEF T IREUR K Boosting H 15 1) ™ 4% 4E
S| T = RPSGiBuR: b na W = N PR (E R Ly
FE R SPHREAR, 432k Re St AdaBoost 5Hik
B, m M T A S AE L Boosting 5k, WFHT T FE
ARG AT 5 2R KR = Z MG R, Witk T
B IMEIE AR ZE 1) 0-1 $1R7EZk Boosting
Bk, W T 4480 AdaBoost HVRAEAT TR 4 b
IEFEA I S e ik ) ). 3 — 2D 0 T M 7 4L
i BB SRk Re, RIAE 48 B 2k s £ 1) Boost-
ing HIEZ MR AR, T 0-1 #1125 Boosting 5
VEAE W P B BN RR . AN SN P Bh e 2
Boosting H %M 73 K PEfg 5k AdaBoost —Ff
If, Reg A0 it AdaBoost Sk, HT-Ab i85
PR A 3T . R — A SCRTEAE B b As il
I @ (R N e R AE 2 ) 1) H AR A2
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