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Abstract The AdaBoost algorithm trains weak classifiers sequentially and the weights of each classifier are
also determined sequentially. But once the weight of weak classifier is calculated, it is not changed. These
weights can be further optimized using classification results of all weak classifiers after all the weak classifiers
were constructed. This paper proposes the weight optimization method of the AdaBoost algorithm using
soft-margin linear SVM. There are two possibilities to apply the weight optimization. One is to apply the
optimization once after all weak classifiers are constructed. The other is to apply the optimization at every step
of boosting. Experiments on 7 commonly used benchmark datasets show that the proposed optimization methods
can give better or comparable error rates compared to the original AdaBoost.
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2. AdaBoost
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Input: training set XqpuXyn sty |
where ¢, € {~11}
Initialize: the data weights {w,} by setting
w}, =1/N for n=1,..,N
Dofor m=1,..,M:
(a) Train a weak classifier y (x)e {— 1,1} to the
training data using weights w;;

(b) Evaluate the quantities

&y = {le wmI(y,,(x,) =1, )} / Z:,:] wim

and then use these to evaluate

Ay = ln{(l & )/8m }
(c) Update the data weights
WEth) = WSIM) exp{am I(ym (xn ) #1, )}

N
and normalize so that E lw,(,'") =1
n=l

Output: the final model

Yy, (x) = sign{Zf::l A Vm (x)}

1. The boosting algorithm AdaBoost

SVM DOH, #JE SVM 1% SVM OEAE ThH D —+
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f(x)= f:amym(xﬁb
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M
. 1 T

min —a a+C i

@bt 2 ;51
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2, Y7 bv—VUii SVM 2 AV TER (o, ) &
LT 5RETHSH, 2% AdaBoost+SVM.final & I
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Input: training set XysesXy sy |

where 7, e{—l,l}
Initialize:  the data weights {w,,} by setting
wl =1/N for n=1,.,N

Do for m=1,...,.M:

(a) Train a weak classifier
training data using weights
(b) Optimize the weights {ai,...,@,} and bias b
using SVM whose input is output of weak classifier

1 (x).... ()}

(¢) Update the data weights
M
w£m+1) = wﬁm) exp{— amt"(zm=1 Ay Vm (X)+ bj}

Randomly set R% of weights equal to zero

J{/‘V;,,:'S!;)e{—l,l} to the

i Nl Z
and normalize so that Zn=1 w, =1
Output: the final model

Yy, (x) = sign{Zf::l L Vm (x)+ b}

[X] 2. The sequential weight optimized
AdaBoost algorithm AdaBoost+SVM.seq
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% AdaBoost+SVM.seq & FE5, AdaBoost+SVM.seq D5
fla— F&X 21277,
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BV THR LRI ERSNIBEN DD, D
LR LEBAIBBEEIND &, FEMMELLTL
£, TOXIRRAEZERT DEDICT—F DY Y
CINELTH, ThbL, £T7 Uy RZBWT2%E
F—H DKW (100-R) %DT —& % AV THiRkAIRE %
BY5, —FHT, BRABOELERELT HERICIX
ETOT—F N5,

NA T AE D ZROVTREFEORKET VL Ade-

Boost L[RILH Lo TWB, - T, SVM DO¥E %
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A MIBRTEN, BIBFEOHE TR X AdaBoost
LEDLRV,

4. EB
4. 1 ERORE

AKETIE, 7 20XV Fv—rF—Fty i
TITo e ERICOWTHERD, T—F ¥y FOKE%
RIUCRT. 7T —FEy NIRRT 2ESEMETHS,
6 DDF—#% » & (breast-cancer, ionosphere, german,
pima, sonar, liver ) (X UCI Machine Learning
Repository[14]> 5B U7z, F7z, fourclass[13]D .
REEDOHDT—F I3 LIz, £TOF—Fk&y b
I ELCER]T— 2T AN —FIZHE L,

BRI T — AT 4 VT DERMAIMB]TLL A
WH L3 Quinlan b DREAR C45[12]0A, TEE 1D
H D (decision stump) Z V2, C4A5 DTN TY XA
IFASIRY PADCERES A U HEEREL LTHE
WCEEZBYE (R 2&RT 5,

FEZBELT AU VLD CAS ZEAMFEF—4#
ZHR—PLTWRWVWOT, EFHRES (M VHEHET
DRICERMEHELAVEZ, £z, FUPFALD
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fHEBAENER LR LD LI AICHELREL TR
FEKZBBIL L., T—RTF 4D T FEE
M=100 L BRE L7z, SVM DE#L LT libsvm[13]% H
VY, 5 fold cross vadidation VT SVM @ C 235 2
—HEBRE LT,

#* 1. Characteristics of the datasets
Dataset Dataset Training Number of
size size Attribute

fourclass 855 428 2
breast-cancer 683 342 10
ionosphere 351 176 34
german 1000 500 24

pima 768 384 8

sonar 208 104 60

liver 345 173 6

# 2. Training and Test error rates of AdaBoost(AB) and AdaBoost+SVM.final(ABS.fin) in 100 round (%).

Dataset AB(train) AB(test) ABS .f(train) ABS.f(test)
fourclass 8.41 12.88 5.60 9.13
breast-cancer 0.29 4.98 0.29 4.69
ionosphere 0 9.14 0 8.57
german 22.00 25.8 22.00 26.40
pima 17.70 22.39 13.02 25.00
sonar 0 25.96 0 28.84

liver 14.40 27.32 0.89 32.55
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fdaboost + SVH.Final Train error i
¥ Adaboost + SVH,Final Test error —vém
B

Adaboost  Train error i

Adaboost Test. erron -

Error(2)

Number of traials

Gernan

Error(2)

Adaboost + SV, final Train error mmi—
fAdaboost + SVi.final Test error —3é—
Adaboost Train error
Adaboost  Test error i

Error(X)

Number of traials

Nunber of traials

3. Error Rates of AdaBoost and AdaBoost.final

4. 2 EBRER (AdaBoost+SVM.final)

IXUBIZ, SVM IZ K D RBEDRZR~B70,
AdaBoost CHERR L 7 55AIZR % SVM THAT 5 Rl
{bF# (AdaBoost+SVM.final) DHEREFHE 21T o 72,

AdaBoost & AdaBoost+SVM.final ® 100 77V > FH
D¥BF—F LT AT —F IR HRBMBIEER 2
R, FEF—ZIZBVWTUIRTOT—4ty MZ
st LT AdaBoost+SVM.final D#RE%511% AdaBoost DFR
BARE TE>TW5, ZOBRIIREFEOEET
—ZZRTBARECOFHEERL TS,

FARF—HIZRBWTIHE, 3 2OF—F kv b

( fourclass, breast-cancer, ionosphere ) Z ¥ \» T
AdaBoost+SVM.final DFRFRAIEDS AdaBoost DA
FETFE>TWS, —HTHD 4 >OF—FE v b

(german, pima, sonar, liver) {233V \Tlid AdaBoost DFR
HRIEDIT S A AdaBoost+SVM.final DEFHFIR L Y
HYUBRWDIEZIZEALZoTWVWD, 4 DDT—Ft&
> b (fourclass, ionosphere, sonar, german) (2%t 5%
Sy RCTOBRBIED ST 7R BIZRT, TT
DOF—FEy MIxt L, 1IZELETOEE IV FITE
VT AdaBoost+SVM.final DT 7 —ZH3 AdaBoost DT
S—RETFTER->TWDZ ENbME, 7—FEy b

fourclass \ZBWTik, PALERE (7R bF—FZxtd
LBIERE) bETOEEI VY FIZBWTHESL
TWBZ WD, T —F &> b ionophere IZEBWVTH
E2THDT U FTHTFOILHREOKEN L BN D,
german & sonar {233V TlE AdaBoost+SVM.final @ 100
7 v v R TORLiEREIX AdaBoost (ZHARETET L
TWAHR DT 7 K Tik AdaBoost £ Y bHERED &
WHEELBEWEERH D, LoTIhbDT—4 kY
MiZ% L Tix. AdaBoost+tSVM.final @ AL HEEE IX
AdaBoost L HEALEZ BND,

4. 3 EBR®R (AdaBoost+SVM.seq)

KRIZ AdaBoost DEAL %% T 7 K TSVM 2 W T
B#E{t T % F¥ (AdaBoost+SVM.seq) DFHTi 24T - 7=,
P FY U TNRGA—FRIAETHEET—4 LT
ARTF—HD 100 7V FTOBMAINEER S, K4
ZENZENRRT, 4205 —F%& v b (fourclass,
ionosphere, sonar, german) {2\ CEE2/37 A —# R
ZBFBET U FOBHBINRD ST 7 %K 4177,
F—& v b fourclass IZRBWT, TR FF—Z DI
PEREIL AdaBoost+SVM.final (2 =T, BEFBIR A
9.13%M b 1.25%~HKEI N TV,
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# 3. Training error rate of AdaBoost+SVM.seq in 100 round (%)

Dataset Sampling parameter R

10 20 30 40 50 60 70 80 90
fourclass 19.62 13.08 18.92 18.45 8.64 2.33 4.67 9.36 11.70
breast-cancer 1.16 1.73 2.04 2.33 1.75 1.75 1.75 2.04 2.04
ionosphere 1.70 0 2.27 0 0 3.40 0.56 0 1.70
german 32.40 32.40 27.00 29.00 23.80 29.6 22.80 22.6 21.0
pima 25.0 23.95 22.05 21.09 15.34 13.28 15.10 17.70 17.70
sonar 0 0 0 0 0 1.92 0 0 6.73
liver 32.36 19.65 24.85 20.80 24.27 17.90 23.69 22.54 23.69

# 4. Test error rate of AdaBoost+SVM.seq in 100 round (%)

Dataset Sampling parameter R

10 20 30 40 50 60 70 80 90
fourclass 22.04 14.28 22.01 20.60 11.24 7.25 9.83 9.36 11.70
breast-cancer  4.98 3.81 4.39 4.98 3.81 4.39 2.93 2.93 3.51
ionosphere 10.28 9.71 8.00 13.14 8.57 9.14 8.00 10.28 11.42
german 28.80 28.80 32.20 26.60 31.0 26.0 30.0 23.60 26.6
pima 25.00 25.00 25.00 23.95 23.17 27.08 25.26 25.00 25.0
sonar 27.88 23.07 23.07 16.34 24.03 22.11 19.23 22.11 21.15
liver 45.93 35.46 29.06 27.32 28.48 29.06 32.55 29.65 29.65

5% 5. Test error rates of AdaBoost(AB), AdaBoost+SVM. final(ABS. fin), AdaBoost+SVM.seq(ABS seq), linear-SVM(SVM(linear)) and

RBF kernel SVM (SVM(RBF)) (%).

Dataset AB ABS.fin ABS.seq SVM(linear) SVM(RBF)
fourclass 12.88 9.13 7.25 23.88 0
breast-cancer 4.98 4.69 2.93 6.45 0
ionosphere 9.14 8.57 8.00 15.28 6.85
german 258 26.40 23.6 22.60 23.40

pima 22.39 25.00 23.17 2291 23.43
sonar 25.96 28.84 16.34 12.50 12.50

liver 27.32 32.55 27.32 30.23 31.39

J—4# ¥ > b ionosphere {23V Tl fourclass IE & D
KRBT R SN2 h o 7203, AdaBoost DERFRAIER
LV IREEBEIN TS, T—F v b sonar IRV T
X1 A7y 7 TO SVM bz X 0 P biEREA tE
EnTWins, A7y 7RE{LTSZEICLY
AdaBoost IZH 25.96%7%> 5 16.34%~ & KiE 2L
BEOXEN R SN 72, breast-cancer & german (233 T
bEAT v SVM IZX W BELEITH Z & TENE
U AdaBoost+SVM.final (Z b 26.4%70> 5 23.6%, 4.69%
2D 2.93%~ EPALHREOBE R R ONT,  liver &
pima (281} B IfLIEREIX AdaBoost L EATH -7z,

NRTA—H R IZX>TiE, AdaBoost+SVM.seq I
AdaBoost DFRIMEREL Y BEL 2o TWD, 2D &S
RRTUE, T AERRT G ThH oL HEOMFE
UIBiBBlamBBEINTWedTh b, - T,
FA—H ROBRBUELEZOND,

REICET —FRXR—R KT 5 5 >DF# (AdaBoost,
AdaBoost+SVM.final, AdaBoost+SVM.seq, linear-SVM,
RBF-SVM) 0O#5I#%E%7~%, AdaBoost 81 X F v/
D SVM EIZ & PALERER K E SN B 23T —
FZIEFEL TS, 1 A7 v 70 SVM Eilfbic & v
BEINLT—2I3EAT v 7 TO SVM K@tz kv
SHREEBENTNDZ b3,

5.9

A& TIX. AdaBoost DEL EBRE SVM IZ X 0 &
T 2FEERE L,

TODNyFv—rT7—FEy b HAWZERIZL
Y REBFIEIL AdaBoost (2 E_EWILIERE & o
FEREOREBTHI I EBNRENT, BiZ
AdaBoost+SVM.seq I AdaBoost+SVM.final X ¥ &\ itk
BMEREZ R LT,
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