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Abstract Ensemble learning is through disturbing training data to generate strong generalization ability, Researchers
have proposed a variety of methods to achieve this goal, but how to achieve the best generalization ability by disturbing
training data has not been thorough study. In this paper, we give a novel method called cross-grouping to disturb train-
ing data, and achieve different degrees of the disturbance of training data by varying cross-factor. Based on this meth-
od, we can achieve stronger generalization ability when the ensemble size is small, Experiment shows that with an ap-
propriate choice of cross-factor, the generalization ability of CG-Bagging is stronger than that of Bagging and Boosting,
and slightly better than that of Decorate and Random Forests.

Keywords Machine learning, Ensemble learning, Generalization ability, Cross-grouping

1 5|8

B2 > (ensemble learning) H AR FI B2 BENE
MrREM  REEAHENER TUBFEFHER¥IRR
HIZALBE 1, R BRI BRI BRBENT R M2 -0,
Krogh Fll Vedelsby™ ¢ 1 T ¥ & M85 B 5 REZLEE I H
%R E=E—D,HEW,E HERTFLER N FHZ RS,
D ABERP & BRI MR Y2 e, 2SRl
RHEMEHRES TEB P& SRERN T HEIRE L
SRR RS2 E, Rt EHRE S RENZL
BB, — T E MR FTREIR B A5 A SR B M - Bz AGBE ST ) —
Fr i BLR T BRI KR AE R 2 M 2R, EESE
HREERESEE, KR ELNWEER Bagging B
Boosting B 3£,

Bagging 7EYIISREN B, % 22 > 8% W Ul SR 3R 8 e IR 41
SRBHE AR A P FT E & BURE (bootstrap sampling) $ AR K&, Il
FHEENAEET SEHVIGEEEM Y. X8, FiH
SRy R s S B AT BB ZE BT U SR ECIRE H H B K, T
FBH—EEFINATEE— RN, b TR BB AKE
R, Bagging T B KR M EBORBER[AIA ., 7E Boosting
W, B et RAR U SR B B AR o BT A S 4 B A TR A,
B2 SRR B — N FT R KR SRR RS R R K

H R 25 LB AR B SN A B R 43 26 A SR A AT
B B/MOLER R LA NAE, A ER R ARG
LR R RAHE BRE T MEN TR AR, BAR
Ut » Boosting LY, Bagging B FEIFAI 43R 1R, (HEE D RH
#LF , Boosting & i F it BE LA SR A R EH EH 2K
A,
7£ Bagging #l Boosting {&EMZ L, MIEARBIRE T
— B I B, 140 P. Melville 1 R. J. Mooney % AF
BT —FFHA TAE RS ORY IS 7 R R 2 2 57
PEM ST Decorate, AT E I Y BIBEF RN AT LA L2 R
PEE KB KA RY, Breiman % AT 42 H AL Hk (Random
Forests) #. %, Hif 1 [ i 3R I A i 42 R 3 0B % 43 K AY
FZFH: (1) 2KUTF Bagging, Sk A T 3 Fl #li £ (sample with
replacement) FE A F k45 (2) EREWHE—PTWAL,
TEREHLE B R M TR BRI Bt ABEESE AR
MR (selective ensemble) Bk, A N8t e
GARERRMEERERTHAFE S REREYE
o
DL RS RS RSO Tl i SRSk s I 44K
e, HE, IMTE SR S T YIS IE MBI LIk B B
FERZALEE H IR A BATIRARI . 2R3 »F RIS T R
7T CGBagging Bk, W H S HILHEZNEE

*YEBITH R B AR S T H (No. 60373111 ER T HZ R 2B AP AT E (No. KJ0s0517); ERT EMP# RS HE KRR E
(2005BA2003) s BRI FHHFEF THMEER. KT WMIPRLE, FEMAFANVBEINERELLE:K 2 AHH. =
ERRAFHAMELLAERESLE TEM 232, B844I, TERAT FOVEEER, RETH, HERE, FRESRE, NERe,

EREBIELE.
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B, 5L ZEE R BRI R BGE S 2 RIS EdR4E A
FYIGER/E B, MAR 5 K. BXHEMNRERGEN, W
FMGRKfERE, — N LHFENGBIEE RS B It
ARG BT 7= A A B B S8 R T L R BRI 4 A Y i
;0328

() BRI GEIREE F 8 ATA LB 7E 48 A i LA W ik
HFE L, BEVISGBIRER S NUIELREMFCRE EER
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7E bR B &4 T, A4 7 7E Bagging 1 Boosting
(Weka ™ 3 B EY & AdaBoostingM1™)) #8 5 5 & 1, JR#4I
GRBURSE & S B TE AR U HE B A R A A B L

occuming times
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1 Bagging 1 AdaBoostM1 455451 H B IR ¥

B 1 R4 T SR A UCT M3 2 > 3 2D s ) labor 3
FEHFITLRMGE R, NE AT UE B, R Bagging £
BT, A 8. 8% (5/57) By HIESE AL B9 BLK B 0, X &
R X AN B R RNZ N S8 HRER > H 2
FEPEBEA TR 5 40, 4%6(23/57) B SE A 7E 58 A AR B HE BRIV R
15 YR CRRIARSE U 15) , Bl 6 S 7E BT A VIR 3 4
H 38 B, DRI T 5 e SR ) % 43 AR Y 2 [R) 25 7 M I TR
{EXF &5 ISR MZ AL BB S TR AR A B/ K. 1M 7E Boosting
BB AL B S AU A B ECh 0 8L 15, 3%
VLB ZER A Boosting 8 MU BEB , RISV SRR B 45
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THF, PR TR RMIEZEE . M5, Bagging
Boosting £ i 75 74 3t R 45 R AE F B EHITE R AP I
KRR NE T LAE L, Bagging WEZIBEERT
Boosting B SRR . M FRMRE . X F IR A VI ZR50%
EhEAELH, IAERE BN B BR BB ES L
WEIRZACRE ) 5 & 4 AL 2 [7) 22 R 118 B B A ) 74
RIBBIRIMEZALE NN EERRE.

2.1 ZXEFrEH%EE

B BEARA (2) , FAT1 2958 % LB s B B [7] L 53X
BERE A — ARSI IRE D 0 WA 2R . R, 451
PR R LB 1 ) BB IR o R ERE—1
— B A3 S B 17

FE 1 4 K RRE R BIE B BB B
B MBRBEHBAREN MK, L RRFREFEEOME, N
TN IR MR 4R B 45 S 7R 4R R ) HE BRI, UL

KxL=MxN @)

IER R P A K A 2808, MR E K R 8E
SR A X K AP RY , IR I 4R B B IR AL B I RS54
¥OhiX K MFTEERE TS BT IR BI% B A K « Ls
ook, B EERE PR H M A NSGLH, X LS
A BB N M« LB & B b & 1 A U %
SR 5420 SORIE R REARHE

S A K BB RN —MUNYEL R BRE
BIRURE MR T BAR B B 5 SURE SE 2 1, PRI AR 3K
AR A S BITE SR A B BRI N SRR AL o TR
FTERMME L mRBERK:

N=K=«*L/M (2)

SR F r RS FHPIRED SV GHEHITE RIS
YRS AT & 5 E ] CR 25 18D SR 26 U1 S 038 46 B ARl R
HIREAS) , B r=L/M, .

N=rx K (3)

PR B SR R IR R B R B A 7 AL 1), BB E R
RAEBEHS, TEERFEHRBIEERNFE, B LM, 7
PLr B—DAF oM 1 ZEBE. BEEBE » WA/, THE
BIRFIMEEE R M.

2.2 Cross-grouping

HTHhEAE -, R H T 3 X4 41 (Cross-
grouping) HA , HEA BB T . A FHINEBRIEE S
K MR RIBET =1, K),REH SHHE 1 /5
BIBAZE Toy oy T 1,58 2 M EBIBRAZ T2y -
T vk ':F' ’% I/I\SE@‘WU\ T i~ modk+15 *** »
Taitrek—o moa k1 FH KK HE, HE S 85— AL AR H B
EFHFEEES . TS HRBEREHRIT

Input;

M—number of given training instances

K—number of ensemble size

S—original training set: {(z1,y1)s***s (Zm>» ym ) > with labels

€Y

r— proportion of sub-training set in original traninng set
Output; T—a bag of sub-training sets {Ty, T2, Tk}
Initialize; set a roulette with K slots,
1, I(’of each iteration i=1:M,
2.
3. move instance (xz;, ;) to these slots from T(—1medk+1 tO
L) Tt ruK—2) mod K+13
5.Tisa gab of the sub-training sets.

FATBEE UCT HLE8 2 > B8 FE M WA~ BB & autos,

iris, glass, Lymph FHATER, SR 2 R, FEHAK
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3 CG-Bagging &%

B e R A A X434 (cross-group) B T A L K B
Hrx MBFIIGERE. R, EFLERYFIIARIESE
PRARFIBEIBE K IR, R BT
B> CG-Bagging B L AR T

Input;
Basel.earn—base learning algorithm
Cross-group—the Cross-Group Algorithm
K—number of ensemble size
S—the original training set: ((x1,y1)*** +{Zmsym> ) with labels
€Y
T—the derived training set;{Ty,Ts,**» Tk}
Output:C* (x)-the class with the most votes
. T=Cross-group(S)
. For each iteration i=1+-K

Train base learner,C; == Baselearn(T;)

S
NS

. The final classifier C* (x) is formed by aggregating the K classifi-
ers

7. To classify an instance x, a vote for class y is recorded by every
classifier C;(x)=y

8. C* (x) is the class with the most votes.

4 RIWLK
230K CG-Bagging H 3 5 Bagging. Boosting GX B F
Adaboosting B k) .Decorate L J& RandomForest B 3347 T

PO, SCHSRAIR UCTHLES S S B dhiny 15 M s
(& DXEHRET THRWL, R A 10 £ X RIE
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(10-fold cross validation) 7 #, CG-Bagging ffif C4. 5 &
IV (FE weka FPFRY J48 BEO M E¥ S 88, SR
BRIAH 15, HAth B 3 M S B8R FIH 4 Weka 1 BRIAE.
AN, AV TG ECRT ¢ %, Hd win(v), loss( * )l
draw 2 BIZFRAER AT 0. 05 F,CG-Bagging Bk 5H
KNETEEM L, KX EREH BRT HES TFURESR
FH 2 BR8N

F2HH T HMERNEREUREREE, AR 29
] 1, CG-Bagging B 5 58 audio, autos, segment, soy-
bean Fl vote -8 B £ T Bagging B ¥, FEHMBIRE L,
H 5 Bagging B kA A Y ; ZEHIE £ heartc I, CG-Bag-
ging B 8 4 F AdaBoostM1 B ¥, {H7E B3R £ anneal,
audio, autos, glass, segment #l soybean |- ,CG-Bagging B
B 88T AdaBoostM1 B s, L H B EBIEE segment, soy-
bean I, AdaBoostM1 & 3 B‘J%&ﬁ%&ﬁ}%ﬂﬁ@] 71. 5% F1
72% T CG-Bagging Bk HIRA 2. 506/ 7. 4%, P X
AL HREEERE A AdaBoostM1 BEE & E#l
4 Cover-fitting) Y GREUAESE , T CG-Bagging B 37 L)
AR ERA IS . CGBagging B ¥4 HITERIBE vote
F1 audio B i F Decorate B #:F1 RandomForest Bk,

1 FBRXEHALEL
Attributes
Names Cases Classes - -
Numeric Nominal

anneal 898 6 g 29
audio 226 6 — 69
autos 205 6 15 10
breast-w 699 2 9 —
colic 368 2 10 12
credit-a 690 2 6 9
glass 214 6 9 —
heart-c 303 2 8 5
hepatitis 155 2 6 13
iris 150 3 4 -
labor 57 2 8 8
lymph 148 4 — 18
segment 2310 7 19 —
soybean 683 19 — 35
vote 435 2 — 16

MK E , CG-Bagging BILEIL T Bagging Bk Ada-
BoostM1 B ¥, B8 i T Decorate B 3l RandomForest B .

22 RBER
Dataset CG-Bagging Bagging AdaBoostM1 Decorate RandomForest
anneal 0.01140.010 0.01240, 012 0. 16440, 005* 0.01310.010 0. 0060. 008
audio 0.17440.078 0. 24040, 070" 0. 5350, 022* 0.19140. 076 0. 23540, 080*
autos 0.14940. 085 0.33540.097* 0.55140, 062* 0. 169%0. 084 0. 18340. 081
breast-w 0. 04610. 028 0, 04540, 025 0.04940. 025 0, 04240, 024 0. 04240. 021
colic 0. 15640. 056 0. 15240, 056 0. 17510, 054 0.15740, 057 0. 15240, 053
credit-a 0., 14740. 039 0. 14430, 040 0.15240, 041 0.14540. 041 0.14940, 041
glass 0. 27940, 085 0. 27610, 088 0.55140, 031~ 0. 28740. 096 0. 23910, 087
heart-c 0. 22740, 065 0. 198%0. 070 0.16510,072 v 0. 22140. 068 0.19740. 065
hepatitis 0. 20140, 098 0. 18110, 070 0. 186+0. 081 0. 18540. 103 0. 16940. 080
iris 0.05140. 050 0. 05840. 056 0. 04610. 057 0. 0490, 051 0.05840. 052
labor 0.17540. 154 0. 16410, 170 0.11610. 139 0.11640. 119 0.13140. 135
lymph 0. 22740. 093 0. 226 +0. 096 0. 24610. 107 0,21840. 114 0.19440. 090
segment 0.02540. 011 0.03440.012* 0. 71540, 002~ 0. 02240, 009 0. 02340, 011
soybean 0.07440. 029 0.13010.037* 0.72010.021* 0.06240. 028 0, 08140. 029
vote 0. 030-£0. 024 0.04340. 027~ 0. 046+0. 031 0.055740.033* 0. 04110, 027
Average 0.131 0. 149 0. 295 0,129 0,127
Lv/ /] [5/10/0] [6/8/1] [1/14/0] [1/14/0]
(F#% 193 )
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5 FE 1~3 8, HAIIKEHM SV5, SV,

6. WE o R ARIBE B SV5,SVE &3, BRI RS
it SV7 #i SVM H3K sRi%L

7. IR SVE(SVE) 5o AR B SV5(SVE) M, 5L
BEREEPREEE, NEHER;

8 HISEAWR 7 DRSS, MR ESE 5 4, EHH B

5 XBRERSH

SRR REFRNBEEL SR 4 MG T4,
SIS R] 44 SVM 43338, A3 B A 020 4235 4
PR e AR Jo R4 , A Y 78963 MMREA SR, KA 3K
H 26,

PR BB F I MATLABY. 0 RS, & of ff F§ MAT-
LAB SVM Toolbox VI G {F E b 8. RARERN SVM B 5
DA FeA% 1 L pR 5, B

K(x,y)=exp[——(—‘%zﬁ}

AT RIS EIHATE B R HERR, RATE R —H L L3
TT 2R,

K% 1 Wb SVM, SCH 2 A5 1T SVMOE AR »
KB 3 N EIHAT SVMGERBD . KK 1 LK 2 FAE
SRR BRI B L 3 P AR SO R S R T B
F 1FIH TR = LBA LLBSR, AR LR SR &
BB 2

A1 FB&R
El E2 E3
Number of SVs 2025 2356 1935
Output precision(%5) 94, 46 92. 07 96.18
Training time(s) 30 18 25.2
feedback no no yes

KIGERAT G 3 P, YIGRAS () 2 AR HE SVM B vk
2 BARRNSREE. L8 2 b, BRARDYIGR[E, B
HARTHARRG BN ERE, X HRFEXHH
ST ST . K5 1P TR R IR BRI SR [ ER R
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FERMAHEE. REEUSREH AR, 55 HE4
SVM KB #ITI4TYI%. EEBRANRP, RAXZHFE
B E e TR RAATH , TR SRR MEA IR S
WZ R X RN BB A AL, SR SO B
BRA B RS M BB, BT & Rk sr
AR AR B S [ R R (8] B T RE B K KRR IE . 238
GBI F P YN GEIE AR B E R N4 23R, 3
LRI R . oAb, BRI B RAR R SR
HOZERE X R M B — RS AT GAL , BRATTHE X 8 (R
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