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A Survey of Selective Ensemble Learning Algorithms
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Abstract In recent years, ensemble learning has received lots of attention in machine learning
due to its potential to significantly improve the generalization capability of a learning system.
With increasing number of ensemble members, however, the prediction speed of an ensemble ma-
chine decreases significantly and its storage need increases quickly. The aim of selective ensemble
learning is to further improve the prediction accuracy of an ensemble machine, to enhance its pre-
diction speed as well as to decrease its storage need. This paper presents a detailed review of the
current selective ensemble learning algorithms and categorizes them into different classes according to
their utilized selection strategy. Meanwhile, the main characteristics of each representative algorithm

are studied. Finally, the future research directions of selective ensemble learning are discussed.
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KM (dynamic scheduling) 5 3 F i 25 19 % 4%
75 ¥ (benefit-based greedy pruning) #H 45 & i £ Ji%,
Gy A B BT B % 7 1 AT DUTE AN 58 2K SRR BE Y
RIEE T - B BR 20 90 %0 1 3k 4y 2 4. Ko 88 AP 3 F
Oracle FHE& 4R I T 4 M5 s £ 3k 70 2K 4% T 46
B )7 s (KNORA-ELIMINATE , KNORA-UNION
KNORA-ELIMINATE-W, KNORA-UNION-W ).
EATHRE RUE XA IR X, BT R E AR L., T 5E x
(9 kSRR PR S IR & A GBI 43 28 TE W 1
BEoy AR T M A ) 4% SR O AR S O LB T

B Y 3L 4 2 AR ok T x 9 2845 45, Dos Santos
SEUUER T AL N Bl A T AR 2 A B B Bk
PEVE L H XK IR AR L, 1) B A AT S R B B
Rt 7. B E =2 h T ERA
e b BE Y AR 0 26 A S L D0 AR b e 5 L 2R AR
()5 2R 22 M RE 1 5 T 2l 285 e £ B B U O 4> K
AR PRI B s BRI R A T
JE o B A FE B AR AT LU B PE Cambiguity) (i1 4
(margin) FIAH % F &% UL 25 # 17 & (strength relative
to the closest class). Cavalin £ A% Jj A Sk [54 ]
K % DSA (Dos Santos et al”s Approach)
R GE o R A R R Lo R B B SCfE B
(contextual information) Fll %& 43 2% 2§ $2 fit §) iIF 3%
(evidence) , 35| A Y] #e K W (switch mechanism) LA
Ab PR 2R 1% 55 A (tie-breaking) MK i % Tk 5K
(large-margin decision) [A] {35, $2 H T — #8510 35 245
PEFE 2 4 Y J7 i DSAC . % 18 3 52 br B dfs b il
H A AT M, Xiao S8 NN TE X R R ELA B0 i ok
(¥ Jt R B 42 48 )7 1 GMDH (Group Method of
Data Handling) (% B fili |, AR 41 2 73 28 4% 110 o 5 1
MZ PSRN T 3 P4 U7k 2K 28 19 GDES-AD
¥ (GMDH-based Dynamic classifier Ensemble
Selection according to Accuracy and Diversity). %
FH R 22 0 Ml 22 - T3 22 O Ml W) 46 B0 2 4 1 UF 5 45
W] GDES-AD Xf M7 ity s o e fig /) £ 2 AE T E
TEREAR 43 28152 22 1) A 22 J7 T S 2L AR 44

B 4h s Hernandez-Lobato 28 A% 4 D1 - 37 # i4
HEZTR S 0T 73l 3B — A Bl AL 2~ B3 v T —
A E N2 BT A2 B A 37 Y [R5 2 R R 3
FEARIY L B 0] L 4R TR TSR B 5 Ty ik
(Instance- Based pruning, IB). Hernandez-Lobato
NG G 3BT 13 S50 X0 7 RO MR x,
T8 — WS I 43 S 45 I RT P 2 B SR 5 0 O
HORA AR AT 2 A% X x T A A B 58 B
25 7E I B AR K B x T 09 2R bR 25 A R A AR 4R
IF o BR324 A TR . i — 28 43 2 [ AL 1Y
FUER Y5 4 . Hernandez-Lobato 28 A\ £ ] Bagging
#1 Random Forest £ A4 i 43 2 8%, 5ok 7 #R i
o3 M B IE A VR A 1B SRR A A RO L R ol e
3 KA E S 2 5 I A AR x B P G
(. 2RI e 0T x (0 T 45 SR B A — o, R b
BOUA ke iy 2 B2 L3 26 405 B AT 38 BB ROR 5 % T
HE e, JUHIE x Heiln 3 2R 00 AU )5 4 2 Y ik
PR

\
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2.4 ETFHRUMTE
BRI IR AR AR S S AR A

I AR bR B AT T A T A A T 2 R B

13 L 5 B T D00 A 50 06 o B 9% e 10 119 2 7 26 48 1 2.

B 6 5l 1 T4 B £ vk A i~ A I — i

IR,

ﬁk:%iﬁ%ﬂm ’ %6}%25%%7: {C1,Cyye- s Crts LEIZYVW\IJ*/T\‘ZE
ML AL BIfE A

R IR R R A S={(Cr.C e GS)

ERETE

XA HEFHE C=1.2. . DK FHIHE @ ;

ARG DA oM 265 38 B AR B8 8 Cln it £ 03 R A9 38

fEL PR ELAE) 5
BT W AFAE Low - AR L ARAL B AR BREL /75 3 i oA T 1) B
0" =(0,0;,,07);

FEFRI L S5 @0 >A [ ICE FTA B R 43 285 C1 L G e LGS

6 T LA T5 ik 0 2 £ 1k AR A ) B RAAE 2L

TEH T 0 A 7 1k i 2 M 58 o A S vk b, S
k[ 14,58-60] % H 5 14 5 1 (Genetic Algorithm,
GA) AR AR FE I 28 A5 0T A AL 17 B AT T 2 1)
F18 3 DN TE TR 1A [ 19 3 42 B30 125 i ) 7 12 (
HERI LS. 7E 2002 45, R R Ae 458 N OIS
FUERT TR A L 2T B A A TR AL T TS
B0 £ 35t £ B0 3 1 3 % 1 B % ~) J5 3% GASEN
(Genetic Algorithm based Selective ENsemble). 7&
IR AR L AR SR P A B (R A BE S 0. 05,
WEFE T LR SR W A2 Y Bagging I Boosting #i1 42 [
2R LR RIOCR  IF A S50 AR BT IR I BE 4 L
GASEN J5 ik 4Rl L] #5019 i 28 9 2% 43 21 55 4
Az AR . R I At AT 3 4 H 3 2ok ) 8 g5t 4% 5 vk
w3 N7 BRI R G B T 1 st AR B DA S A A
GASEN 5332 P BEAR AT A7 21 i — 20 i itk

T T T R 5 O R A I R M A
AT IR R A M ORI AR 4R R B AT R
PRSI BT AR BE S VA T 2 00 AR A 4R
Zhang 55 N'0RE 22 43 25 75 1 3 5 o) BUB LR IR
R R 7] B (quadratic integer programming) , Ff
Zyth T — 2 g BRI J5 % SDP (Semi-Definite Pro-
gramming) . X5 25 5 R W% 07 2T LA LB R &
07 V5 B 4 b il 3y 2 4 1 B G T 4. Chen 25
N0 T JAARE 25 Hf B 5 B MR R T — ORI 3
PEERE L M SRk Oy Tl A SR O e A i AL AR
T H R A g CE 22 5Ok 73 2R 8 15 B A ALE O 0,
B R 22 B 1 1 W 20 A (left-truncated Gaussian
distribution) X 4 >k 73 2 5 149 9] i AL K T S 56
HR, IF & F B P H (Expectation Propagation,

EP) B35 R Al 1AL /Y J5 50 00 A 2B 0 S 2
1E EP 5 19 I Gk ok 72 v o S 55 S0 A0 10 1 53 B AT
#4153 LOO(Leave-One-Out) i 2% , 45 & D1 M- 7 3k s
(Bayesian evidence) s, B] DA 55 B Y 36 .

Ry T G b T Y e e sl 3 8] IH A I o D
(standard linear least squares regression) H} ¥t 1 1
AL Reid Fl Grudic™™ £ 16 56 F )2 &2 160K
% (stacked generalization) |19 1F W 1k £k 14 45 5 ] T
AP R AR A TF AR AL 1 R 2 HRT AT 0 [l 1
(ridge regression) . Lasso [f] ]9 (Lasso regression)
A4 R 1] ) Celastic net regression) 28 J7 Ak 1115
#). Li M Zhou ™ & IE W Ak iy B MEHL R, K F
Hinge #1E BKE (X T &= {— 1, + 1} By = 4r K00
WL X Iy ,C(x))=max(0,1—y,C(x;)))F
&l B4 7 3% H7 W 1E W) 7 (graph Laplacian regularizer)
A B I3 2 A5 1 0 5 [R) R UE1 45 D FL A s o A T R
R I5) L, 5 8 G AR O i O AR B R (S T 2
MOSEK #1447 3K . 5B 1 g JH A0 By B2
ALk B B i) iz AL BE 1 Z A 38 W] L) 3E 43 F) T
FR2 19 80 H% Cunlabeled data) 3f i — 52 55 43 K R
G . Zhang il Zhou'™ 4 3 F I ) 1L 3 %, R
JH Hinge 451 5% pR £50FT £ 1 0] 300 $2 M 7 — Fif 2 1 2%
PRI A9 0775 AL 19 B bR 2 dw /M B O 28 e 1Y
YINZ 158 22 (] A 42 A 1] 2 Ao 45 e 475 3] 199 A 1)
B

Dos Santos 2 AP & %) ot 5% B f1 K-NN (K
Nearest Neighbors) {E 2l %2 3 B i, % | Bagging
FBEAL 725 [ BRI 2k i B 7 2 e, 42 1 DLOF 28R
ZEMZREAE AL H AR, JF 2 T HAR A 2 H AR
/% 5 (multi-objective genetic algorithm) #f 47
AR A I 25 R 3R 2 H ARG Ak i 8t 1% 30 1 B
T REHR BT Rl A A Y e O 2R A TR Z A L ik ] DL
il 00 A B 0 7 AL b SCERL64 b A Z RE R
B E AR AL o8BI AR B TR R I 4 K Z )
() Z2 R 4R 3 R A MERE 2 TR) Y 56 A%

P W8 76 RNVE TR R 48 T — P 3EF Moore-
Penrose ¥ A [ 4 75 B 1 £% M 4 12 > 5 PISEN
(Pseudo-Inverse matrix based Selective ENsemble) .
B TR R ) PR 3 B 0 A o 2D B AU R AT
DAL I 38 3o 390 5 1 1Y 18 {8 ok 2k 4 d5 S5 1) Ak 2 )
L7 I 2 B 5 T 9 B B AR B
BT 8 A UCT SEhrBdi 4 . 7 # ¥ PISEN 53k (1
B 0. 1) 5 3CHRL14 42 i /9 GASEN 533k CR H]
PSSO ED HEAT TR R E Rz AR
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ZEAY AHRTE R A RCRE T T TR A Ak,
TEET N I T R B B R e g 2 A
SVM.. 8K Ji5 ok FH 35t 1% 10 Ak 0 S5 /N Ak i 29 32 152 2 1 42
ARxt SVM #4724

2.5 HERZE

R 7 b TE R B Y LS R PR AR A ) L iR
A — SRR RE I A b FRATTAE S A — 1]
A28 Prodromidis 1 Stolfot™ 3 T 5L 4324 5 114 T 00
55 AL — PR I XS AT BT SR A
32 A 0 U 45 R AE A8 5 IS A b UK
o 4R 0 2 2 i B R I B Tsoumakas &8 A
UK 2 #4018 58 1 J5 ik (A0 Turkey £ 55
Hsu #5535, Scott Fl Knott £ 55 55 ) o 4 8 5 O 1Y it
Iy A B G o AT I v g A R0 2 A0 1 TR R i
A, BAEG T 2 0F — A 28 4 09 $000 M fE
3 LT R B3 B AT o] — A 4 K 4R Partalas
g N\ L OB 38 58 2% 3 (reinforcement learning)
PIRE ST AL S T il T — RO A
RO & RO BT IN B B R 2 A AR AR A
[ R, i 17— e T 2 WA Il U T R R R A A
2] & 1 SSRES ( Semi-Supervised Regression En-
semble Selection).

Zhang Fl Chau ™ 4& 1} T 3 F £ 7 BE KL 7 BF 11
BB (Multi-Sub-Swarm Particle Swarm Optimi-
zation, MSSPSO) [ 2 J2 R AE BY L TY L £ Bk — J2 12 57
b AR BEARLBOE B A R O3 R AR A — A B Y
i Coracle output) , H 4B FE 432848 W BE B F W 2
Z RS A IR A, 5L T A — )2 2 4 28 4 0 s ok
F MSSPSO 5512 047 3K fife o B 4 R4 1 40 &5 B 22 A
B EE 4y JE AR, Soto N ER X 4 2 n) L
R (9 % 2 4y 2R 38 AT HE Y 9 7 i 5 R T AR
(Instance-Based, IB) i S 5T H R AL S 38 H
TR Z MBS AR B e SR AT T
Boosting [ 3 ZE AR [ 75 vk 3k tH 29 20 Y6 (il FE 43
RERIF R BAGE o FEXTFEAS A x T500 B, 58 5
fEj o 2B S T g — G IF e 2888 B
Z AL LT e A T 1) e AR R KT o KA E
AR D0 A RE D S i sy 4 I 2 48 1 TR RS B2 L R IR
T4 T 2R CRFR A 20 20 260 (1 324 2T HL) o B 95 )
b R e ST LAY R B s 5 IBAE 3 B e 1%
BRI .

3 ETHEEFEREREFEERFIEE

figk B ] U3 I R 1Y) 25 0005 58 P R A ) BRIA AR

223 08 T3 28 n) R A R O SR R AT HE T AR 2R
ANSCHRES . 14,29.76-81 145, 9 3ok L6551k 4 I HC
SLHEAT 32 UL AT LS A i 73 O B T SR 2R R
PRACFIRE R 7 . Horh, Partalas 48 AW g%t i %
PR B > 75 K B s S50 [ 0 b g 07 FH L 4 A O T
2B ¥4 J5 1R 22 /R (root-mean-squared-error) 2
JH T 18] % $& (forward selection) F1J5 1] i B ( back-
ward elimination) f) % i 57 2% M % 5 fi L 19 5% 2
WLF . SR AR AR T BOR Y 95 fE g i ) 35t
A B BT 5 I L 1) 7 125 R o i 2 o) WL R AT i 4%
Hernandez-Lobato 28 AN 3 F 3L Pz b H
HMEXT EATHEAT HE R 9 R T ST 85 5 s b i i 2y
20 5 [y k2 S AL

5553 ZE 1) URH L o X6 B T [m] 0 ) 70 ) 3 4 4
J 2 2T S AT BB AR X A D 5 FL R L R A
LA PR i A R AR i AT 1Y H B 2 TR A
Wop AV L 22 3k — 20 i ey i 4 8 T ML TR J32 1 42
TR RS S B T B I LR ECH L LA
R R AR L X A 2 18] B o8 SR T B 36000 3 2. 4%
1T 7 [ U TR] TP SR P HE b SR s 0o i 2 ~ ML E AT 26
PEZJE W Y k2 ST HLAE AR A T A F0000 KS
8 S T T ROR A K

4 BHEESRE

AR SO AIL#S A 2] G — e HLAA AR M B
PR B D BB T — A B 2 T W 2538 L I 4 b7
T LTy iR 2 SRR A £ 1 4 A2 S I 4R
KM =5 T HERLF 2T 1 AH OC B8, I o I AH 56 4
B PR AL TR HOR R R B DF ST R R O
ARk BRI A AR Z W 58 N 53 8007 F9% 5 1 H BT
K2 TR Z RS AR B AT J7 2% 2 02 EF 6 B A
FLRAT 5510 5 00 5 b i A — 2 Ja) 8 AE R Ok
FE AR B 5

(D AT RS E. B, 5T REH
AR HE 7 FE BRI 7 v v el B Je PR R I Bk
JHLIECH S 7E 5 T O Jr ik v el % B AN
(18 5 1L LA S0 o3k i 4 550 R 458 25 11 Bk 2 2] BIL 2 B 0 5
SR HRETR MK Z 2 )5 & 0I5 k. AR BUR
AT I 2 TR RS i S0 A5 SR . o ] AR 5 5L A ] R,
T 7 Ml IRk S G B S 0K R — AR R N A

(2) 38 Jk 24 T B 5 15 46 b 1 i . ik 2E )
LI A1 1 A0 B A1) 22 180 ) 22 R A 4 1 2D DL
AP EE R RELEMNEN LAY H LR —
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A BF BT R B ) LA RE B A B 1 32 AL AE
T3 BRI Z2 B A S B b oY LA o L 22 R A R
BV 5 iy > BIL TN P8 RE =2 1] 4 A5 A% 1B 2R o B v
AT AR SRR RS A ) BE I BT R AT S
T PV DU R B oK VB R 2 R I R T
JEAE AL 5 L — T 2 Ak DR ) S B ) A

(3) BeFe g sl o ) S0k iy I A BF S H R —
B e PR A By 2] T vk © 2 TR B 12 I L TR
WU PR AZ 4 55 07 T BT TR TR ) 2 i 5L B
I L B BUA 9 HL g 27 ~) O ik AE e B PR 4R o > o
(1 7 P AR A7+ 00 BB R L

2 % x M
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Background

In recent years, ensemble learning methods are rapidly
growing and attract lots of attention from pattern recognition
and machine learning communities due to their potential to
greatly improve the prediction accuracy of a learning system.
These techniques generally work by means of first generating
an ensemble set of base learning machines according to some
strategies, and then the outputs from each ensemble member
are combined in a suitable way to create the final prediction.

The traditional ensemble learning methods include all the
ensemble members to construct the final composite learning
machine. However, with the increasing number of ensemble
members, the training and prediction speed of an ensemble
machine decreases significantly and its storage need increases
quickly. In 2002, the professor Zhou Zhihua in Nanjing Uni-
versity first proposed the concept of selective ensemble learn-
ing. From theoretical and experimental viewpoint, he proved
that only selecting a part of ensemble members to build the
ensemble machine will alleviate the above-mentioned problem

while not deteriorating the prediction accuracy.

ZHANG Jiang-She, born in 1962, Ph. D, professor. His
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Until now, a large number of this type of techniques
have been developed. This paper presents a detailed review of
the current selective ensemble learning algorithms and cate-
gorizes them into different classes according to their main
characteristics. Meanwhile, the advantages and disadvanta-
ges of each representative algorithm are studied. Finally, the
future research directions of selective ensemble learning are
discussed.
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These two projects attempt to propose some efficient
classification methods, especially for small sample size prob-
lems. The paper provides a relatively complete survey of se-
lective ensemble learning algorithms and therefore lays a solid

foundation for us to develop some related methods.



