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Classifier Ensemble with Diversity: Effectiveness Analysis and

Ensemble Optimization
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Abstract
exists no uniform analysis and operation methods for diversity measure, effectiveness analysis or ensemble optimization.

Diversity is a necessary condition for high generalization capability in classifier ensemble. However, there

To solve these issues, on the one hand, classifier ensemble with diversity is comprehensively summarized and analyzed
from three aspects, i.e., diversity measurement methods, effectiveness analysis for diversity measurement methods and
optimization techniques for classifier ensemble. Moreover, the effectiveness of diversity is also demonstrated by the vector
space model. On the other hand, comparative experiments and analysis have been performed on UCI data sets and USPS
data set with a variety of typical classifier ensemble methods (Bagging, boosting, GA-based, quadratic programming
(QP), semi-definite programming (SDP), regularized selective ensemble (RSE)). Finally, we give some suggestions on how
to select diversity measurement methods and optimization techniques in ensemble.
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X M. AR by SRR E R KA
K% cos(0) Wi (21).

(Rj> Rref>
9 . = =
s (%) =R, [

(<Rj70> - )‘<Rj7RenS>)

(21)

o, BEOrRAs hy AN RE Ry 5 Ryep MR IX

cos (0;) K, R; £ R,., LIS (R, R,c,) BK,
FLp KA hy W Roee IETT WIS BIHIHZ .

TERE—L M (R, Reys) B, G, HIEMAIE

o3 2K4E {hy, iy MR B R (R, Ry), Hi 250

|Rj | ‘Rref‘
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F {4

40 %

(22).
N

(Rj,Ry) = Zloquqk =
=

22
N(ajk—i-djk —bjk —Cjk) = ( )

N(1 — 2dis;;)
2 (22) 9, PIASHES R 2 W 1 St R A
HUE R dis R K (22) Ry Bk R, %5
WHARISE, B (Ry, Rey.) IS8 by 4R
IS5 dis, SR . ik, B by 1
HE SRR BB (R, Ruer) WA (23).

(Rj,R.t) = (R;,0
<Rj,0
¥t (23) A (21), 19215 (24).

1
B || Rues|

)‘<RJ? Rens> —

AN (1 — 2dis;) (23)

>_
>_

cos (6;) ((Rj,0) — AN + 2A\Ndis;)

(24)
X (24) 1, 1/(|R;||Rues]) AN 2404 IE (K% R HL
(R;,0) W54 REHE BEBOE L X A AR &R
. DM, AEBE I3 230K BE N W eI, JE Ay 2R A8 K
KR RIEMRTZ cos (0;) R ZE 7 dis,
JCIE B
LE LR, ISINUTHE Ryer J7 IS B> 8,
MY Ry FAMRIL cos(0;) BN KA hy, T
DU b 42 =iz A e 7). [FIINF, cos(6;) SAR ML) %
sk dis; MOEEG. DRI, ORI 22 e 1 R I 132
k. RE

4 ETERMEEEMMLKRA

BT R BRIz AR ) Z TR OG R, bR
vh 22 38 i e KA 2 S Rk SR AL SR R B
A 22 S 0 B A A i Ay 2R Al A AT M R
B 1) fEREr IEAR A B A b 2 i 2 ek, A
R 2) e — A R KA, AR R
PE BB 4 R4 T4, EAE UE BY (Ensemble
pruning) J7i%. AKX PREER LA 4H.
41 HERFAZE

AR R AT PR S, — o A M R R AL
th A P A AR 22 e M ) TR U 5 — e i ek
DSC AN AS R AN T B P A Ak 222 e

Liu %5620 2 H T M 26 2% 3 (Negatively cor-
related learning, NCL), I /Ef KRBT IS
2 e VAT QIR IE I IOT, A= ol 22 S P B vy 1) 4 R 238
X S PR VAS I 2 S %) T vk R FH T R 2 I % 5
FE T fE BR B T VBN AR, AH RN T PR SRR A5 Ty
N 5E A0

Freund!™®! #2 ! Boosting J5 5, it 8 grAEA
B [ 77 R 3RS 0 A 22 e s o0 288, X Mhor
AR SRE I TR R, R HET R TR

A TR B R AE T8 A R B 2 ST
BARZRMEBTER, ML REESNHIIRE
b AB A BT VR T A i O3 2 g I A HoR AT TR
il REACE PR ORI, A T By e R U I
BN T e ) L AR B BT Tk
4.2 fESIAE

&8 J7 i B Z AR N Zhou 5103 Rk 475
SR04 P R PR AR A T B ) o B
BEATHE G, PEAE Al 7 2B 8 I PEBE S 47, Zhou
AEIO3) it ERRIRR R AR IRE E i s ZE PR

FUAT, SRS BY (0 7 2 800 A H A R OTVE
He R I B TT V.

4.2.1 HBEEERERTE

HEMRIER M. MR HbR
MR R T, A TS RACE, &
AT L AR T R

Zhou Z:631 2 GASEN (Genetic algorithm
based selective ensemble) J5ik. %7775 g4
AR RIGUESE b AR R R 45 e 1) 70 2R T 4R

Tuve 250651 7E bR Atk b, A FH 3t A% 5090560 42
K5 )% (Ensemle accuracy, EA). P % (Basic ac-
curacy, BA). X4 (Double fault, DF) FIxfE S ()
AT A G BRI TARAT R, Hdh, JA]
EA TR 712502 GASEN; X T2 Hsfiitk
@ (W4l (EA, BA)), E58, 2 ittt
HYETHE RFERTHY (Pareto front), 285, Kl 5
FERTI B S TP (Med) 1AL, XS B ()43
Kim THRAE N REG R,

422 HEFEAE

HEBEERTER TR EIRR, FEUEFER
PATH AR K. Margineantu 5052 $2 1 T HEP &5
(Ordering pruning), i PRI 2 25 8] 1R/, ik
D IEFEI AT IR ).

e 72 Sk A HE PP AE BT AR T ST i) 5 Ff ik
X 2 et BB TV, R HEAN R R AR G AT H
Hpkpmfs sk 162,

A HEP I, B, R R R K I 3 7 2R s
XF; BE S GBS D BE 7 KA IR T 38 2 ek
KISy 2648, R AP I, B UGE RS fr ik
Iy RSV 22 et dw /AN 43 2R 2% AR )ik
S 5 1) 7 1R HRATAE U BE N A BEE R I BE 7 K A

HT 20 % ~ 40 % (IFL288. Li 251481 5 T H B
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BYYE PAC HEZE N MR, JF42t DREP (Diversity
regularized ensemble pruning) J7VZ%.

B 1. HFERUE £

Input:

Dy: BiFdE.

H ={hi,h2, - ,hr}: FREDFRBES,
|H| = L.

Doy BON 22 VR BERLTT V.
Output:

S ={h{,h3, - hp} CEFESRBES.
Parameter:

T: BLEFRI P 2R THRN.
Procedure:

h— Dy LHARKEMOSKIE, S — {h),
H—H\S.

Fori:=1,2,--- T,
WH RN by € H 15 S BT 281071
divp;,s — ﬁ thes D (hj, hi)
B divn, s X H o287, 15
h — fHEFH) Ry BALINGrKEE, S — S U {h},
H — H\ {h}.
End

423 HEMRUTE

EAAY R I VERHE 53 A AR A T R i
figt, ELEAE T RO R T AT e 2 AN ) S d O i IR
JREALIE. A TR RIN ], SR GE, A
MBI

H AT, 5T 2 SR B8ea I Irik 25 i
Bl WM E] (Quardratic programming, QP)BY
H1af s I (Semi-definite programming, SDP)®31.

e T2 SR OO R T, 3L H Ay e Bon X
(25).

Wope = min, w'" Dw + Aw (25)

st. 1Tw=1, w>0

Horh, w; AP RER by WAL, D 5550284510

ZESPE UL, A B AN AR RS FE B L.
fESLIEAR B, L SR 53 KRB w 71

K IEW I, #H T RSE (Regularized selective

ensemble) 4 75k, . H ARk =X (26).

R =\V(w) + Q(w) (26)
Hoh, Vi(w) WEERMAE Dy L H bR 8, 15 NI

Qw) T i FI i 2 a5 R
A (25) B4 HARpEL, Graph Lapla-

caian /EN IEWIIRIN, o] @44 T2 (27).

Wope = min, w'OT LOwW+
Mw'Dw + Aw} (27)
st. 1Tw=1, w>0

Hr, O e {1, 1}V5E %R 23 g A R AL
WAL, iR E D AR G = (V3 E),
AR N T, XAC X MR S, WAt S, =
S Ty W (27) R, L= SYA(T — §)S—1/2,

QP ik e TR 1 T |
Je— PRI AW, R QP FA 45 J 50 T3 5 5/
3Ly 8s 4. BhAh, BT RSE H i Graph
Laplacaian 1E I, DAt A] T2 B 22 ) .

QP L& T IR . 243 H 5 52 45 A
PR BE A QP AR BRI HE 43 28 B B K /N oK Ik
PRIE PRI TR, PEAEE 2. Zhang 2503 4 i) SRR
4 0-1 Fkl, 5H SDP J7ikhn LA vk.

Zhang % H V35 22 50k S5 K 10 H A of £ =X
(25).

Zopt = min, 2T Gz
st. 1Tz =T, ze {0,112

Horh, G RHE o Km0 o 22 7%, Gy =
div(h;, hy); L ARy R, T iz
(2o RN E 12X (28) 11 0-1 Bkl i), &
M Lx1%Kiy, HotF v, =22 —-1€{-1,1}. id
B T, I XV, Hy, D W (29).

(28)

V= vo"
T T
I_ 1'G1 1°G
a1 G (29)
L 17 >
D=
1 I
5250 (30).
Vopt =miny H @V
st. DV =4T (30)

diag{V} =1,

/H\EP, H®V = Z” Hij‘/z-'j-

5 QP JrikAHE, SDP J7 ik AE AR 5% 55 0] 8 )
FLor AR IR PR, VERE 4T
5 DAEBMIERTISX LD

IR 2 P AL R AR, T
W — kiR ATS B AT e HIARAE. A B AL

V>0
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ARBEAT XS LESEE:, 73 M7 AR AN [F) 73 2R 3 4R R /M O
T, SRER S, o, 28 5.1 W E RO R
2] &M AL T VEBEAT SR A LE A By B 5.2
MERZ P RIERG (5 RSN D) h &ML
T3 AT SER RG] G S5 #T

51 &EMMILEE

5.1.1 KA ZEEREHIRE

FI 5L T 22 S M AR A A 2R 32 93 O A B
TNEFMEBT LS. HAE TR, BB A
K EE Iy R AR I AL ek FE A 7 =X, PR 2 T4
I, AEBRAR IS ORI S e Y A R . RN, 2k
Ir RASAFAE R EITCAR IS, A FAE BY 7 V45 211K 4y
R THEAABE Rz AR ). ATk, H At
BZMIEBIITIE.

SC I, A UCT Hods FEST 351 10 A 3K
WA (B4l R 15 B WL 3), BL CART (Classifi-
cation and regressiontree) B 1f A L4y KA, i
fl Bagging 43 % 2E i 25, 51, 75, 101, 151 4>
oy k8. Al 10-cross-cv, Xf bk % R XU B
&= (df) Fx) Kappa(kp) PP 22 55 P I, Bag-
ging. Gasen. AdaBoost. GA. #i [ H /¥ (For-
ward ordering, FO), J& M #Hf /5 (Backward order-
ing, BO). QP. RSE. SDP 4§ 9 Miifb 75k )t fe.
BARMEKTT 53R 4 Pk,

®3 AR

Table 3  Information for datasets

R{EEES FEARAN S WNROE BRSS9
German 1000 10-fold-cv 24 2
Imageseg 2310 10-fold-cv 19 7
Waved0 5000 10-fold-cv 40 3
Wave2l 5000 10-fold-cv 21 3
Chess 3196 10-fold-cv 36 2
Sick 3773 10-fold-cv 29 2
Sick-euthyroid 3263 10-fold-cv 24 2
Allbp 3773 10-fold-cv 29 3
Led7 3200 10-fold-cv 7 10
Led24 3200 10-fold-cv 24 10

# 4 b, 1) Bagging. Gasen fl Adaboost 5%
Ve 2% 5EE; QP RSE Al Adaboost i FH A
SRR, HAR TR B ARG 2) GA TRkl
b A 1 B0 RS- 1) o) 22 e 1k IR e V41 5 3)
AU HET, J5 M ECET 21 % AN r2R4s; 4) SDP U7
LT NI R HE KN 21 %.

Ea i 40 4
F4 o MR
Table 4  Testing methods

TR thak #IE

Bagging Breiman(1996)

Gasen Zhou(2002) T I JSE R 580 S SR TR 151 5
Adaboost Freund(1995)

GA-rp Trawinski(2009) TEE IV o KR TSR E

Mot Kappa R4S

GA-df Trawinski(2009) JEN PR B IR DF Rkl

FO-kp Margineantu(1997) Tl ot Kappa BEATHT 1 HEF

FO-df Margineantu(1997) M DF BT R

BO-kp Margineantu(1997) feiont Kappa 375

BO-df Margineantu(1997) Hult DF 347 )5 )

QP-kp Li(2012) o Kappa 47 0kl

QP-df Li(2012) R DF W47 o)

RSE-kp Li(2012) M Kappa $H780# 00
RSE-df Li(2012) 1% DF #7480
SDP-xp Zhang(2006) Fu Mo Kappa #4752 Mk
SDP-df Zhang(2006) il DF 3475 k)

5.1.2 KWEHERSX LS

R 101 NEEGR RARIN, SR IR AR N 2
WM 5, By RaG TR DR 6. HrpRA
B LY S BRI ZART 0.5 %
bkl X5, BaATHI T SR OE AR
(Ranks). XJ T HEA M4 5, 1k fe i 4
h 1, PERERIF I HET A 2, LAREHE. K 6, &
Ja AT AV T 25 M7k I AR 43 2 2R 1K A S
(Average).

Wi 5 FK 6, A:

1) 5k Kappa (kp) 752 AH LG, A H XCH &
& (df) AT Z R R, 19 20 S A ROR B
I £ 5, X GA-based Fl QP iEAMN K2 HL
JiiE, A df VR 22 R R RR bR ARk RE B L T k.
TEREARE Re B I ECH A T, df AR i B
PRAETERE LT kp TV

2) AT IR, Ber U 7V ] B 4
T HZMRAH P77, K 6 b, BT
Jitk (QP M RSE) 431 7 KM 2 T Y
RHAHEP . ZFECEA T LA EE, SDP U
VEAT I T K, HLRT TG B 7 A8 AR 14y
KRB

3) Wi df AT ZERMEE R, RSE (Ranks =
4.1) 71 SDP (Ranks = 3.1) Ak £ 5 Adaboost
(Ranks = 3.7) J7vEAdiE, H W WA0T HoAh 732

K TR b A R A T I R
fie. 7F Imageseg. Waved0. Wave21. Chess. Sick-
euthyroid Al Allbp %5 5 4~ UCI s /& 2% & Al H
df AT ZE R LRI, GEvh oy KA G R/
FEEER e, S 45 Rk 2 s,
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5 AR 101 MEESR RGN BRI (M £ bREZE) (%)
Table 5 Recognition rate (Average + Standard deviation) for ensemble with 101 base classifiers (%)

GA FO BO QP RSE SDP

Kp daf Kp daf Kp df Kp daf KD df Kp df

DataSet Bag Gasen AB

German 76.58 77.81 75.14 78.02 78.20 77.01 76.30 75.42 77.43 77.85 76.46 77.42 78.60 77.00 78.30

+4.07 £5.97 +4.75 +6.24 +5.15 +4.85 +7.08 +0.90 +3.06 +6.00 +4.75 +£5.09 +£4.51 +£0.92 +£3.13

97.50 97.60 99.00 97.38 97.33 97.72 97.77 97.73 97.77 97.51 97.72 97.51 97.70 97.51 97.70

Imagese,
e +0.82 +1.45 +0.40 +0.80 4+0.72 +£0.58 +1.01 +0.40 +£3.63 +1.07 £0.65 =+0.63 +0.60 +£0.71 +3.98
Waved0 83.87 83.09 84.60 83.84 83.89 82.90 83.01 82.81 82.68 84.03 83.57 84.00 83.90 83.80 84.10
+1.05 £1.67 =£0.09 +£1.05 +£1.06 £1.07 +1.46 +0.5 +3.03 +1.02 +£0.94 +1.26 +1.11 +0.79 +4.22
Wave21 83.98 84.00 84.80 83.86 83.57 83.20 83.14 82.86 83.19 84.24 83.91 84.50 84.50 84.60 84.40
+1.23 +2.37 +£2.20 +0.96 +1.33 +1.12 +0.99 +1.10 +£1.00 +1.14 +0.86 +1.22 +1.36 +1.41 +1.34
Chess 99.60 99.59 99.65 99.54 99.57 99.54 99.54 99.47 99.47 99.53 99.51 99.60 99.60 99.70 99.7
+0.33 +0.35 +0.43 +0.37 +0.34 +£0.36 +0.31 +0.50 +£2.13 +0.36 +0.34 +0.36 =+0.43 +0.67 +4.06
Sick 98.83 99.01 99.07 98.89 98.81 99.02 99.05 99.02 99.02 98.75 99.02 99.02 99.02 99.02 99.12

+0.54 +0.74 +0.51 +0.54 +0.67 +£0.72 +0.57 +0.60 +3.64 +0.7 +0.65 +0.72 =£0.57 +0.63 +0.40

. . 97.81 97.85 97.92 97.75 97.78 97.62 97.59 97.59 97.59 97.64 97.59 97.85 97.81 97.90 97.80
Sick-euthyroid

+1.10 +1.15 +1.18 +1.12 +1.07 +£1.11 +1.19 +1.23 +£2.47 +£+1.15 +£+1.03 +£1.11 £1.01 +1.38 +4.04

97.59 97.64 98.30 97.70 97.57 97.65 97.65 97.51 97.67  97.62 97.67 97.70 97.70 98.00 98.04

Allbp
+0.93 £1.12 +0.30 +0.85 +0.89 +£1.01 +1.09 +1.02 £2.07 +0.90 =£0.98 +0.85 =+£0.62 +1.96 =£2.65
Led? 72.45 72.90 73.00 72.95 72.52 72.86 72.82 73.42 73.42 74.44 7287 73.42 74.00 73.20 74.00
+2.72 £2.48 £1  £3.01 £3  +2.53 +2.86 +3.39 +2.16 +3.03 £2.76 +2.61 +3.15 +5.91 £2.82
Loda4 71.79 71.50 72.00 71.85 72.17 71.36 71.64 71.02 71.23 71.91 71.61 71.88 71.90 72.02 72.04
+1.82 £4.89 +0.10 +2.03 +1.60 +1.81 +1.68 +0.70 +£2.83 +1.78 +1.90 +1.51 £1.73 +0.96 +3.73
Ranks 9.8 8.8 3.7 8.7 9.0 9.8 9.8 11.1 9.2 7.9 9.5 5.1 4.1 5.1 3.1
. - ot 2\ e R A o f o
R6 101 DI FITE D ARG RN (ME £ b))
Table 6  Pruned set size (Average + standard deviation) for ensemble with 101 base classifiers
DataSet Bag Gasen AB GA FO BO QP RSE SDP
Kp df Kp daf Kp daf Kp daf Kp daf Kp daf
German o100 3890 o100 790 7T 9100 2100 2100 2100 370 46200 45975336, 5 5100
+13.78 +2.27  £4.22 +2.31 +£3.74 +6.89 +6.64
Imageseg o100 2P0 o100 T80 7880 5100 2100 2100 2100 2230 29200 1984 2188, 0 500
+21.14 +3.41  £3.29 +2.54 +£3.43 +5.56 +£5.20
Wave40 w100 30 o100 770 T8I0 5100 2100 2100 2100 °OA0 T6A0 4554 6151,y 00 5 00
+17.92 +2.72  £4.01 +2.37 £3.20 46.70 +5.25
Wave21 o100 1% 0100 720 TET0 9100 2100 2100 21.00 6030 7630 4869 6349 5 55 9100
+11.99 +3.89  £3.06 +3.20 +£3.47 +7.30 +6.96
Chess o100 3270 o100 7670 7630 9100 2100 2100 2100 11O0 1540 LB 16025, 4 5 00
+21.45 +3.62  £3.59 +1.85 £2.5 +3.92 +4.59
Sick o100 2890 o100 7B 769 5100 2100 21.00 2100 163 2200 16341982, 50 5100
+15.84 +3.68 +3.18 +2.58 +£2.26 +6.87 £4.07
Sick-euthyroid 10100 '8:50 1010078507650 5 55 5100 21.00 2100 2120 2730 20192974, 40 5100
+12.97 +3.63 +£2.68 +3.55 +£3.34 +6.63 +6.12
Allbp w100 9 o100 8P -1 9100 2100 2100 2100 2360 30200 2105 285 5 55 9100
+21.98 +2.27  £4.28 +2.32 +2.35 45.55 +£3.74
Led7 o100 3270 o100 T80 6750 9100 2100 2100 2100 1TO0 25200 2LET 2907 5 44 9500
+21.30 +2.92  £22.74 +2.16 £2.74 +7.77 +4.82
Led24 o100 3910 o100 78RO 7780 9100 2100 2100 21.00 760 58200 5398 6638, 45 500
+17.48 +3.89  £4.02 +3.53 £3.52 +7.34  +6.10

Average 101.00 28.98 101.00 78.22 76.43 21.00 21.00 21.00 21.00 31.39 40.64 30.53 38.94 21.00 21.00




670 H /T 40 %
K2 ) M EE R A AN EE 80 ~ 120 Z A, 0982
RSE 1 SDP skt se i wdsse. P, 13 0.981
A 101 M2 ae ik dE i RSE 1 SDP JjivA A 0.98
A IR T R AT = L. 0.979
5.2 ZoEBERMMLIRE t% 0.978
SN . X 0.977
AT EEGNE T AR ) (Bagging, Boost- Lo
ing) P27 R IR ] . 0‘975
AR Z oy R ARG, AR H &R 7 '
EARE RO REE R, P AR T Vo0 2 Bk 0.974
097y ‘ 60 80 100 120
0.86 KB
(d) Sick-euthyroid
0.988
0.986
0.984}
0.982
o I,
= 0.98 o=
" oo
0.976
—u— SDP
07940 60 80 100 120 140 160 0974} &
RN .
(a) Waved0 09T 3060 80 100 10 140 160
0.86 H RN
(e) Allbp
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B AN EL

(b) Wave2l
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Fig.2 Influences of ensembles different sizes of

classifiers on 5 UCI databases

Teia. T Dihg R 4 PEBT ARk
fe, T 5HFFEAE USPSI® #4755, USPS
PEPREMEA 16 x 16 1K EUG R, KBE
HOLWH—. FEPILE 9298 N FEH TR,
Hedr, 7291 ASHTUIZE, 2007 A TUNK. 528601,
A HIAN AT R AE LS FEAI LS 272 ) S5 70 6 USPS 4
YaPEREAT 4 2], XS5 AT BRI, I 2 &
BT AT A

H1 T SE5 15 L83 A A il i 5RO 2R AR ), P B
SI G I 36 FH R AR B T v 2 ) SRR Oy 1] .
LR b, ORI = MRFE SR IO s JRURERE . PCA
(4E500 64 F1 128 4E); JFAT A 4 FipLds 2% > 5
X HFHEHML (Support vector machine, SVM) ., #3
B (Decision tree, DT). K-ii4B (K-nearest neigh-
bor, KNN) FIfH£ M 4% (Neural network, NN) i
175 ) SRR ARSI — 2% 2 T i A AN L
RTR AL 7 FoR.

R EIR 12 AN IR I, 25 Fh T VA S il
FUWNR 8 s, & 8, FEFP i1k SDP J7ik L

6 rRA.
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R HFRHESR (FE) - 2% 2] 757k (LM) 441
P (%)
Table 7 Recognition rate (%) for different feature
extraction (FE)-learning method (LM) combination (%)

FE \ LM SVM DT KNN NN

Original 92.33 82.02 93.37 92.18

PCA-64 90.94 81.22 90.12 90.62

PCA-128 92.03 81.37 92.2 91.12
x8 MR (%)

Table 8 Recognition rate (%) for ensemble
Pipe T LVIES TrAa R VIES
Voting 94.18 Gasen 95.47
GA-rp 95.45 GA-df 95.49
FO-kp 95.50 FO-df 95.60
BO-kp 93.87 BO-df 94.30
QP-kp 93.50 QP-df 93.86
RSE-kp 94.12 RSE-df 94.20
SDP-kp 95.49 SDP-df 95.51

R 8 W LAE i, M DHIE S AR, g
L % (Gaseny GA-kp. GA-df) FHET 5
BEATARARIN, nT DA A s O R e i 1 % AiAq; Al
=R (QP-kp. QP-df - RSE-kp. RSE-df) J5
AT S Pe AR i 2 )%, S BORI AR B
A8 T2 BR) (SDP-kp. SDP-df) 4TI MERE L

53 MRENAES

T L R 7V SRl SO LSRG, AR T
PR 73 S s R BT 5T 55 N T o, A S 1R 22 e P T
Ti PR AR LA S R et i) 1 24 2 B
BT

1) fE2 M2t Rk, WU R (df) Be
WU AR Z AR ). X T R R I (GA-
based) FIHEF/77% (Forward ordering, FO; Back-
ward ordering, BO), i/ df Fl rp 3472 FHEE
i, RPERERZ AN, A I ECA LA VAR, 48]
df JERZEF e fe L2 AT kp JVE.

2) B AT AR B B T H AR
ML, AR df AT 22 LR, RSE-df Al
SDP-df {EVERE EZEAL T GA-df « FO-df 1 BO-df.
SDP-df fetEfE -5 Adaboost 1 RSE-df J7i:AH
T, B2 SDP-df 7 B WE 73 K 1A 72K
A AL

3) MEATEC AN, @& AT H] 80 ~ 120 MiFik
By, B 2, N EER DN, AR
AT VLA Ty e A 2 I, eI PR e AR E

Mo KRB N BIRZ N, B2 R KA T kBT
VRTINS (0] () T4 v Pk e A e b

4) AR H B D 50 3 SRR I AR A 25t
FEVIAE 2R HEFP i A s R AT DA 2 e
.

g b Al ZE R BCH R 4 a8 2R )
ARG AT MACES, HEFEAEH df AT =R ME
&, JHH RSE X SDP Jyykilb AT 2 asik £, 1
RSE 1 SDP J5vAm, & Bk 80 ~ 120 43432k
PRUEATIRBE. A SDP J5ikif, T #4704 21; 4%}
BH B DI 0y AR AT BRI, HERF A o A% B
AR H i e R k.

6 it

o 5 S 3R A B A T AR, A
P SRR MIRE R VR . 22 SRR RO 280HE 54 R T 2
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