Ba2E B 1H 128 = L = 1 Vol. 42 No. 1
20194 1 H CHINESE JOURNAL OF COMPUTERS Jan. 2019

ERFEINZHIREN AUC S ERIEERE
ENRERLF N A

%ﬂz ¢]l) jljyz;i\:\\bls) {j_ ZZ) %qﬂ‘]]&b.g)
D ELR R F B A AHOR 2 BE JERC 100871)
DAL R SRR TR st 102600)
VAR TRER TEMEH G JEat 10087D

WOE AR TR A T GUE ) — A BN 50, HOE R A 2 o o A DUAR AT LU B 2 o AR T AF Y 2 XD 3K
SR 2R R (8] B R A S T S T SR B S G B TR R B T 9 K 2 2 0 K 1 A R R 14 5 T R e O AT 0
Br. ZSCHIBT S v TRz AR 22 AUC ., 22 B 4 IR B 2 8] 56 R S HL A 2 70 26 i (9 B I 6 v 19 B2 A 3% 30 S
ZALTRZE A R PR RO R A b 25 T AUC B2 fift 2 BE. JE— 2B M 3% 3G 8 T2 AL R 22 L AUC, 2R 5 1) R 2 (7]
M 56 2 5 FF A H R T d5e O b ) B 77 T 7 W AR 28 0 R 22 Y ) I o 2 o (IR B 2 2R 88 22 ) 1) 22 A 4 i B0 005
(7). e T Jx 4 R 2 SR ISR M T PRI 94 2 20 S A B AR R i e SRR — A U Ak Tl A S B o
Pk A0 22 R 22 ) B i AP . 7 35 A TTROR AR b A9 S SR 45 R 3R W1 3% ST £ Y B8 1 1 48 DK 2 I O T R TG
T A S BT 5.

R RE T 2R E s AUC; ZHENE ; [ B s B AL
HEESES TPIS DOI S 10.11897/SP.]J. 1016. 2019. 00001

Decomposition Theories of Generalization Error and AUC in Ensemble Learning
with Application in Weight Optimization

JIANG Zheng-Shen” LIU Hong-Zhi”*® FU Bin® WU Zhong-Hai”"¥
D (School of Electronics Engineering and Computer Science . Peking University . Beijing 100871)
D (School of So ftware and Microelectronics, Peking University ., Beijing 102600)

) (National Engineering Research Center For So ftware Engineering , Peking University . Beijing 100871)

Abstract  Ensemble learning is an important branch of machine learning, which integrates multiple
learners to obtain better learning performance than single learners. It has been widely accepted
that the base learners in an ensemble model should be both accurate and diverse to achieve good
performance. Among the factors that affect the performance of ensemble learning, diversity and
margin have been considered to be two key ones. Most of the existing studies tried to analyze the
impact of these two factors separately, and mainly focused on their impacts on the classification
or regression error of the ensemble model. AUC is an important criterion for evaluating the
classification performance of the learners. It is a pair-wise criterion that is used to evaluate the
probability that the positive samples achieve higher scores than the negative ones. However, few
studies have focused on the relationship between AUC and diversity or margin. In this paper, we

proposed two AUC decomposition theorems based on the Ambiguity Decomposition, which is one
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of the most important generalization error decomposition theory. Further, we discussed the
relationship between generalization error, AUC, diversity and margin. According to our theoretical
results, the commonly used margin maximization method not only reduces the empirical error,
but also reduces the diversity among the base classifiers, which leads to the problem of over-
fitting. Similar results also hold in the case of AUC. Due to the reduction in diversity, methods
like margin maximization could not achieve satisfactory generalization performance with respect to
classification error or AUC. Based on these theoretical results, we proposed two new weight
optimization algorithms to combine the base classifiers, and the targets of these two algorithms
are classification error and AUC, respectively. Existing weight optimization methods usually
suffer from over-fitting problem, and these methods usually use a term that is related to diversity
to avoid over-fitting. However, due to the unclear definition of diversity and the difficulty of
parameter tuning, such methods usually could not achieve satisfactory performance. Inspired by
our theoretical results, in both of our proposed algorithms, we got use of the margin of the
ensemble model. Moreover, the objective functions are quadratic functions of the margin, thus
the learning procedure can be guaranteed to be convergence. By introducing a trade-off parameter
p» we optimized the margin to a proper level instead of maximization. Therefore, we could
achieve an optimal balance between accuracy and diversity. Since the parameter p is highly related to
the regularization parameter, in practice, we could fix p and determine the regularization
parameter using grid search, thus the proposed algorithms are highly applicable. We evaluated
our algorithms in 35 open datasets. The experimental results confirm that our algorithms are not
sensitive to the parameter p. Compared with other commonly used ensemble methods, the
proposed algorithms achieve significantly better results in most cases. Both our theoretical and
experimental results show that there is a strong connection between diversity and the margin, and
through exploiting the relationship between them, the generalization ability of ensemble models
could be effectively improved.

Keywords ensemble learning; generalization error decomposition; area under the ROC curve;

diversity; margin; weight optimization
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1 AUC J2— SO0 (9 7 15 45 71 5 AT 3 53—
XTREA BEAT Y 0 BB 4 B AT R IERE AR
FE SRR A IR B 190 900 (L A ABE 5. TE R g . AUC
3 fifk R PR EE 23 S TR 2 1 3 il B O B2 2R BB 5K

Ir2EiRZE M AUC PIASAS [R] 19 77 10 20 ) 1 A
TRz ALRE ). M EE T 70 2KiR 22, AUC 4545 50 i
A Z B AU 56 28 — M A 23 25 [ 80 3 o
ISR ZE A S WA T 14 73 S RE 7 T A T HE e 7]
A5 B R AAERE R G0 W i 50 AUC 457
br. PRLIE 5 PR 1.2 FE B 3 4 HR AT AR Tz B9
Yt

ZAIRZEAN AUC B3 fif s B 9E S 1) 17 ) B
(1 ABE . T T 3% ) B AR R S R AR 8] B 07 4
A X B R R ) 2 A R 25 B B 2P . AR SO Y
ZALR2ZEH AUC Jpfift s BRI $ 46 1T 5 77 1 Fid 119
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N L AR SO R T AR 22 A AUC 1
fife S BEXT 11 Bh e — 22 1) 0 A

5 ZHIRE AUCH5ERBHXR

WA AT I L LA o ) B H AR AE T iR /MEEZ AR R
2= BRI T U ZREE A R il RRR I 2 ) AR AE
WAL B G RRZER Tz iR 2. (H . Bk
MO SR 25 R 2 T B LG R /A ) 2R TR
YNGRt b A RORAR G T A B R AR Bdls b ) R

ARSI BRIE S5 RO Z AR 22 F1 AUC #4973 B F
DUA AR BE 73BT B L . DT TR 32 AR 25 F AUC
o i B B /B R 22 ECELL) W] LI il
PIAAE 55 - o/ METPEiR 25 EGE L [R5 KAk 4
B A AD.

T 28 03 A B W AR R R 2 AR RE ) 1Y
ARz AL R 22 L AUC 5 8] B A9 % & ik —
A B AT AL B AT IR

IR TR 114 1] B A o i A

(D SRR IR 2E E (B L) MK 5
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(2) FE 2RI TR 22 E (8 L)

(3) Her 2 Z 81 (1 43 B, A (B8 A) B AIK.

WA T o 4 A 0 5 22 W]} fee /M 35 i 22 E
(E L) e KAL 20 B0 A (8l A B AT B PR 45
R SN E RS SR AR IR2E EGEL) 8RN
177 fof 75 JBAE TR BI5GB 2 3 803 4
e 22 0] Z2 B R A, DA T AR AR S LR Y 1) 2 TR R .

PRI L A o ) b a0 e ) B 2 5
M 4 R 14 S R . BT AR SORR R SR 6 4 o
L PR BT A B 43 S B TR AR A Bk L AR R R
T A 1 0 22 B 22 ) A ST £

ARH AT EH A8 L AUC 43 fift o2 Bk 9], 7 —
BT IE T X Bk = A g5 it AT e, T X
ZREE IS B AR B T 2 DL % 1.

B A Ah R R R S WL R O AR B R B
LCA S5 3 Ry B ARG DR I Pt K L 1R 221K

Xt F 5 AR A SR T A IE B L B4 AR 1Y
B4R 25 0] LA IE N

Lo D LA =1+ (OAf T +R (42)

+o0

(n)
st R= D, VO A 1) R BRIF A
a n=2 .

T2 R 3] 451 5% R BRI BRI Dk B, AT A5 27 (0) <0,
B A B A AR B R B A B, £ AR,

X} = A58 R ) B R AR 25 ] DL R
i)

ALY = 10) + 1 (OAf+R (43)
Foop R =20 eyt e i e F 1 AL 3

n!
ifi ] 15
A D w L (AfO—I(Af ) =R—R"  (44)

EEEE AT 0 1R 2 (ot R
9 T 9502 B8R 2 9 B 170, AT 4
ARG R A T FEE AT A 55
AR,

I N 2 5 98 0 5 2
i T 4 6 2 5 50 LB 2 B B A2 AT
2 A HE 7% BB €5 D A2 2 B0 RO
B 1 0 5 5/ L 115 €0
1 B HE 2 LR A6

6 MAHHERFINERLEZ

BT FI SO BRI SR AR ORE S TR Y

A AL A SR s R B 1 0 i AR 22 F0 AUC
1 Ry B B RY 3 2 MR RE 1 PEAN R v AL AL H A,
6.1 PRIy HEiREATMIER

SR AR L B U R A R By f K
BRI IR 22 E BAIK, [A) B 3k 43 2 45 22 1] 19 4 12 A
A

SR B o/ ME AR I AL 1 1R 25 E 2 8
PG ) R, PR O AN R TR o b fe K AR (B B v . 3B S ik
A R —FhE 5 B2 5 A 2R, B[R] B
e /METR2E A KA Z R X 2R B v/ A
RE L R E N TR AL TS B Z .

AR AT B bR oK BOR - i 1% 25 T2 AR
Hr p AR SH 2 HIENE R TWETEEN
AR TH A W R ENRE T A SO B S B A
HFRAER D w, =1 53X — 4 A

argminEp{(yf — '} +Alol - (45)

s.t. w, =0

X — e oAk 0] R W] LA A 1 5 R T AR X

arggninE,){(3}]7)2 —2pyfi+Aleol. (46)

s.t. w, =0
Horp, R Iy PR T 4 U R ) 2 BRI K
HAA KGN, f BT T 0, 5600 2 28 22 8] 1) 43 06 b 3k
BRI T — I 2p « v f ARG A58, 38 5 45 Y
TP VE R Th) B A o 1 R PO X — AR R
TUHEGRTE. Kt R B E bR A Ak )
TSH p RV A HERRPE RN Z R PR p 8RS T i
HERR TR p BN DU iR 3 22 A 4

S FTH Y S5 A AR ) R B E A S p A
A AR B AEAE BRI SRR A A IE AL R B X w, 1
UM L AT 200 A BB/ S X o, 18 BRI L 11 29
OB L I o, 4 (B Y P 0 B K. 2 08 30 4 A

R 7 5 S =D f - KB 0, B

T B K IR AR 2 AR L KL E— 25 ]
A AR (] By f B BBCMELYE PR L 25 4 R X R
T B ERR R 22 B AT L p (E R 2R N
1 8% i A0 o A 52 B 19 T o i] LUK p (LI 5E
— AR IR B RS R R I 7 A E A .

XEFSH p 18I A SO BOR RO 25 53 26
FERCH B — P R FTAE T A5 J 8 I AL
A 1R 4 vf BIBREGEE N —T.T].yf=0
W 2R K v f = T I e P e BRI p R
T/2 W} T RUAE 22 R PR R0 R P 22 ) A A
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TSR TR B A Ak R) A AR SR T BE BIL AR
FER BRI R A A

w, < w,— 7203 —pPyf.+2w0)] (4T
Horp oy 2 2 A R T RIE 0, =0 X — & F, %
PR AR B w, <0, DL 2% 2 32 2
6.2 L AUC HiEHi5kR

PhAUC 15 8 PFH 48 A5 B 4 SCHl 3 oK g - 1
18 $5c D0 A 1) R 6 A J A T

n n
+ —

M-t tallel. 48
1

i=1 j—

arg min
® nin_—

s.t. w, >0
X IO ) B AT BE T B R 2 AR R A 2
W, < w, 7N [Z(Af;‘s — PASS + 2w, ] (49)
H Af=Hx ) —H(x; ) A =h, (x7) —
ho (e ) o g2 o R,
D S A O A e R R R R T Ru g R 7
7.
ik 1. REMAD MarginWeight 5k,
BN B RBEG (b by s by b 2 REE 9, B4
p A
B A EBIINE 0w sor
L. WHEALALE w, < 1.0
2. REPEAT
3. BN — DU A (LA 2R 22 0 H ) 5k
B HLIH B — A~ IEBE AR x" fil— A~ U REAR x; (D
AUC H HE®
4, o, <MWIEXAD G A E
WHILE f£7F w,<<0
n<n/2
o, <~ BRI UD A A H T E
END

© o0 ~ (2] 1

waew;
10. UNTIL Rk sk
11. RETURN w; sas " sy

7 SCIGIGE

7.1 XWIETE

ARSCEF T UCT ML 2 5 i) 35 44k
I B R A SC P B 4 B S AT T IR IE. PR TR L A
SCE MG T IX 35 MR MG L AR SO LR A T
TR IR N T AL 2 AR B R AR A SCR
T 5 SCERLA TSI 7 e 0y a4y T fiAb B, DL
W Ry — oy 2 n) .

S S B R B A R oy Ry =R A

GRAE VIR UE AR RN A . I 5 4R R ORI 2R3 4y 25 4
6 UE 5 FH R i 45 3k 43 2 4% 0 AL, 03 4 R 3
AR R A K8 . N TE T . 588 F
AL A SO T Bagging 19 57 IR T 101
P CART P 1 Ry 36 4 25 8%, SR (T T i
0 A J8 5 1 1 A aX 101 B R SRR 1 A L 04T Jm
&SN

AR SCRFHE T IR A RO

(1) ArgMin: It 7 L B2 50 15 22 I (5 AUC
IR 100 2R B8 by 4 BB RS RIS 1% 25 e 1K (B
AUC ) B R E B’ 1, e il o;

(2)Bag"*" £ 5p HeA Z 0] LAY S B A T4 5

(3) AdaBoost™™ : LA #3171 J7 s YN 25— 4 3L 43 2
i JEAR I L4 AR M IR 210 22 B A AR LR

(4)MetaSVM ;B £ 73 28 & 1 0000 6 15 o 4
fiE S YN Zh—A> SVM Y S T 5 28 1) B A 531 5

(5)MetaRidge: 25l F MetaSVM, X ] J& 7556
A O [T A Sy 43 A

(6) SoftMin ; —Fft DU 458 U35 77 1, LR A
XA 2 W3Rk 28] 5

(7)ConvexDS™ . 78 H b1 R B 25 5 % 18 £
PRI B 1 5 A R AT A A A

(8) Agnostic: SCHRL28 J4& H 1Y — Fh JE T A AT A0
DU 307 B3 114 55 TR 4 Bl 7

(9)MarginWeight: 4 SC A& 375 (N 1),

AR S ol 2 2] R B 0. 5. QIR T I
TS50 p A FRAE LT R AR OB S50 p BUR
By BABA M —F ]I p=50, JF X & AT 4% 48
K.RTSE p WA TRV B T 45 9 0 52 ), 6 A8 56
7.2.3 W TR,

R T RE A B R AT R (49) BUE Sl
AR

e~ (1=22 w,—7 « [2CAf—p)Afi ] (50)

ATAE W AER RN Rt FE A FE2 T o, 1Y 36 A
T BUE K o, IR 25 18 B B LA T R
T30 T A 2 R AR S I Rt A U A
At K E O AR SR A A 1070, 1070, 1070,
107,10 "y N EAT T PS4 2R L X 2 A B g
A I T 2R B R

R A B R R R S A R
14 7 1 R 1

AR AE T 4 2R 25 Al AUC 1B 45 48
RN R X E B S T (SRR R i -
AT 1 MarginWeight 5535 fff B X (47) B 3
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B AUC AR PRAN 5 A it 04 A 5 (49) 5k
HOHTAL .
RIS EFARIEARIZAT T 30 W ARJEH X 30 I

7.2 SRIERMITIE

7.2.1

A 1% 22 9 VRN 45 5
BIETE 35 MR Ei KR EL R ILEK 1

FT AR 25 R AT 3 A B A SR I B A L A 1.
1 BHEFEBANMYEELNHIXRE BEIHRERICE
B 4E Bag AdaBoost MetaSVM MetaRidge SoftMin ConvexDS Agnostic MarginWeight
abalone .221+.013  .233+.014@ .227+.011@ .225+.012@ .221+.013  .220%£.013  .240+.024@ .221+.013
ad .0364.008@ .045+.011@ .036+.008@ .0304.007@ .032-.008@ .033%.007@ .0374.009@ .028=.006
australian . 1344.021  .158=+.026@ .202=.030@ .168+.025@ .136+.022 .1324.022 .158+.028@ .134+.020
breast L040.018 . 052+.017@ .058=+.017@ .082+.027@ .037+.015 .038+.015 .047+.015@ .037+.012
cervical_biopsy .0964.023@ .103+£.021@ .129+.024@ .126+.028@ .093+.021 L0974+.024@ .097+.021@ .091%.019
cervical_schiller . 0704.018@ .082+.017@ .096=+.015@ .133+.149@ .067=+.014 .070+.018@ .068+.014 067+, 014
connectd . 214=.000@ .189+.0000 .184%£.0000 .202+.000@ .203+.000@ .214+.000@ .290+.000@ .192+.000
diabetes  .255+.032  .259+.035 .313+.031@ .296+.027@ .257+.028 .253%.0310 .261+.027 . 261+, 030
ecoli 078+.0241@ .093+.028@ .077+.025@ .131+.031@ .068+.021@ .074+.025@ .069+.026@ .062%.022
german .255.016 .269+.021@ .296%.025@ .2837.026@ .258+.022 .253+.016 .276+.033@ .2547.020
glass .2334.075@ .2574.093@ .173£.079@ .2744.092@ .189.074@ .210+.074@ .198%.076@ .150%.070
haberman  .299+.064@ .304+.055@ .337+.051@ .387+.051@ .2844.061 .3014.063@ .2874.056 . 284+, 061
heart 2144, 054@ .244+.047@ .2664.046@ .3054.062@ .203+.044@ .2024.045 .2094.052@ .191%.043
hepatitis 1694.052 . 2024.058@ .197+.058  .214=+.066@ .170+.055 .1734.057 .188=.062 1794, 054
ionosphere . 077+.029  .1294.039@ .0964.032@ .1384.038@ .0764.027 .0744.025 .0964.029@ .074%.025
kr-vs-kp 031+.008@ .049+.009@ .021+.005 .020%.0060 .0304.009@ .0294.008@ .046+.010@ .023+.007
krkopt 1774£.017@ .2144.021@ .176+.019@ .169+.018 .1734.017@ .172+.019@ .197+.027@ .166%.020
letter 002+.002@ .004+.003@ .000%.001 .0014.002 .001=%.002@ .002=+.002@ .006=.005@ .001=+.001
liver 349-+.043@ .352+.047@ .3874.053@ .395-+.062@ .334+.040 .3354.045 .348+.047@ .326%.054
magic 167+.018@ .190+.017@ .1694.018@ .162+.017@ .1674.016@ .164+.016@ .190+.023@ .156%.016
mnist 0144.006@ .016-.005@ .013+.005 .0124.005 .0154.006@ .014+.006@ .0254.010@ .012Z.005
optdigits .032+.004@ .1324+.009@ .0344.004@ .029-.004 L031+.004@ .0304+.004@ .1114.027@ .029%.004
pendigits  .0024.002  .004=4.003@ .001=%.0010 .004+.003@ .001-+.001  .001+.002 .002+.002 . 0014, 002
poker .152.000@ . 1594, 000@ .169%.000@ .159%.000@ .1524.000@ . 15474, 000@ .1674.000@ .144%.000
satimage  .019-.003@ .020+.003@ .022+.003@ .018+.003 .019+.002@ .019+.002@ .030+.003@ .018%.003
segment . 006=+.006@ .106-.201@ .003=.005 .006-.006@ .006=.007@ .006=.006@ .009=+.007@ .003=%.005
sonar .2404+.056@ .2594.063@ .242+.046@ .3774.094@ .2344.064 .240+.051@ .2624.074@ .220%.048
spambase . 0634.007@ .0704.008@ .064=4.007@ .0624.007@ .064=4.007@ .063+.007@ .094=+.020@ .060=%.007
tictac-toe . 1084.032@ .131+.031@ .064-+.023 .058+.0140 .092+.030@ .099+.031@ .165+.044@ .069-+.025
vehicle .0664.022@ .074.031@ .041+.013  .0644.023@ .056=.020@ .054+.018@ .0754.030@ .041%.022
vote 0514.026  .061%.026@ .0574.020@ .098%.037@ .044%.020 .04674.019 0494020 046,019
vowel 1494, 068@ .2024.062@ .067%.0410 .238-+.083@ .123+.055@ .126-.055 1514.047@ .083+.041
waveform 090+.008  .097+.009@ .100+.009@ .094+.010@ .0934.009@ .090=+.008 1314.022@ . 090=. 009
wine-red  .255+.016@ .280+.017@ .264+.016@ .256+.013@ .251+.014@ .253+.016@ .273+.023@ .247%.016
wine-white . 2214.010@ .250=+.009@ .220=+.009@ .219+.010@ .219+.011@ .219+.010@ .249+.023@ .216=+.008
Average 0.131 0.151 0.137 0.155 0.126 0.127 0.146 0.119
G T HEEEEBIE KR E,
Vi Jeth . MarginWeight 3% T2 (47) i#47 LT 1)
_ Softhin — s RELA 3 SR 22 VR DAL B br. iy 15 8] i R 3%
R — AR T 22 ArgMin SREIOZE R Horh >
MetaSVM —_— Bt S L BRI A RO R 3R L MRS —1T
- — Uil T A B E AT B T 050 R 10 T4 1.
AdaBoost —_— AN FRATIE X 52 B 45 R kAT 1T T K g, R
e - FAFIEAE 0.05 9 B HEAE 128 TA SO i 9
C e T I MarginWeight 5 ik U ZE S04 SR AR LE T 50
1 BB LR ZE W Friedman Ky 35 45

(@) [ Z IR AL B R T A SO iR
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S IE WS SR T AR 2 AUC 43 BE B H A SR A4k 4 3 A 11

e W 5 i 2SO B B (O bR . J5 A bR
G5 2R W 3 7R % B B30 5 AR SCR R SR AE 0. 05 1 B
FEAKE LA B %R

MR 1A LUE TR R Z 80 0L A SO $
SARLL 0. 05 1Y 35 KL T H e HE. R B 7
2 35 M EURE T A SO R RETEH Y 23 4L
A LB T RIEAE R, NG — 1T 2R
72 &R AR R FE WIS T R JEROR.

h Y k20 R A% B U VR R AR R RCR AR S
AT T 0.05 B PEIKFE LAY Friedman K 5. K
rERANE 1 frs. B o, MarginWeight-Error 3
AR A7) B AE L 1 MarginWeight-AUC | 32
7R (49) B FT AL E.

ISR i 2 W U D N (R Sk |
(Geitap BR8] A SCHE Y Margin-
Weight-Error 36 7E T A 2 5 A 10 DR
W TR R Z B8R B E R RORERHEAE AT 3 44, XF B
A 35 EHE S B ROR 1 HE 4 R P 2y, B4R 2
MarginWeight-Error B %k B EH HEZ N 2. 2. ki 4k
e 0.05 1y 8 35 MK 1Y Bonferroni K 5 1) &
{5 DI A0 RN SR R B A A N RoR 8
() 53 JBORAFAE B3 1 22 5. SR R 2 ok A —
AT RIS P AR A BB A BB o W] REAF

MEL 1 RTLVE & A SR 8 R T ArgMin
Bk WEAENE, ArgMin BESB R R IET
B RARMACE BN 1, e 5 R A E Rl
0 PRI S ™A b 15 3% I AN I — P A By 5L T 2 R
AL A2 S B AL Rt 3 — 25 R T AR T T
A B

M T HR m T LUA A SO 4 Y Margin-
Weight By T RIFSCR, HE EFHE T2 5
R SN g 7 = 7 S [ 1 O s R A e Sl D
RZEAE PR FR i T MarginWeight-Error 535 H
UL R 22 4E O B Aw, B HCS T Margin-
Weight-AUC B4 45 . Ak, 18 75 B35 i 2.
R4 MarginWeight-AUC % F LL 4y 2K i% 2Z 46 ML
b BAR ARSI 1A 2 GF i 45 3 X B 1 4 2R
22 F AUC TE J Wt #8037 1L BE F1 i — BopEs [
Pt 158 Y S S i %) T o i T T DA A R
IR AR AT 1) 43 2R 1 22
7.2.2 L AUC HIEM 18R

FRIETE 35 MEWRAR L AUC 45503 2 f
2.3 2 H . MarginWeight S22 FI =X (49) 474K
R BTN AUC AE R ik B AR, i 725 [ BT FR
FPAAME TR ArgMin FEMER. TR, R
FARER T /BG4 Hodh .000 678 AUC $8 bR N

TE B 5 1 22 57 Lo Rt fF R SE 1 KM A FHEE.
K2 BEEFEIISIMHBEELINAUCER(MELHRAESICAR

B4k Bag AdaBoost MetaSVM MetaRidge SoftMin ConvexDS Agnostic MarginWeight
abalone .859+.010 L769+.014@ .773+.011@ .8504.009@ .859+.009@ .860+.010 .841+.012@ .860%.010
ad L975+.011@ .877+.028@ .932+.014@ .972+.013@ .976+.011@ .975+.011@ .970+.011@ .977%£.010
australian .926£.017@ .835+.027@ .799%.035@ .895+.024@ .926+.019@ .928=+.017@ .919+.020@ .930%.017
breast .990+£. 007 L951£.017@ .941+.017@ .9324.036@ .991%.006 . 9904, 007 .990+£. 007 .990+. 007
cervical_biopsy .618+.068@ .527+.030@ .528+.039@ .574+.083@ .623+.071 .618+.066@ .616+.071 .627%.070
cervical_schiller . 627+, 081 .516+E.026@ .525+.047@ .5714.096@ .629+.078 .626+.083 .616+.078@ .631%.082
connect4 .8194.000@ .683+.000@ .690+.000@ .818+.000@ .833%.0000 .827+.000@ .787+.000@ .829+.000
diabetes .804+.029@ .6944.035@ .660E.029@ .746+.038@ .8054.030 .806+.029 L7944.030@ .806%.029
ecoli .938+.038@ .816+.082@ .839+.050@ .768+.103@ .943+.037@ .941+.036@ .938+.035@ .946%.035
german .754+.025 .648+.027@ .624+.030@ .709+.028@ .750+.024@ .757+.025 L7234.025@  .757%.023
glass .840+.065@ .705+.102@ .816+.077@ .747+.109@ .891%.0460 .869+.052@ .898%.0420 .885+.043
haberman .640+.072@ .587+.065@ .562+.060@ .576+.070@ .664+.066 . 649+, 068@ .659+.069 . 666,062
heart .887+.040@ .772+.056@ .729+.046@ .744+.059@ .893+.034 .891+.036@ .884+.033@ .894%.034
hepatitis .8524.051@ .659+.099@ .701+.094@ .676+.160@ .861+.054 .8624.055 .851+.073@ .865XE.061
ionosphere . 959+.021@ .831%+.051@ .8914.034@ .902+.031@ .966%.014 .963+.018@ .959+.018@ .965+.016
kr-vs-kp L9954+, 002@ .950+.008@ .977+.005@ .997+.002 L9964, 002@ .996E.001@ .988+.005@ .997%.001
krkopt L917£.000@ .771£.000@ .8194.000@ .913£.000@ .920=E.000@ .918+.000@ .904+.000@ .925%.000
letter L0004, 000@ .996+.004@ .000+£.001@ .0004.000 .000+.000@ .000%. 000 .000£.000@ . 000%. 000
liver .668+£.063@ .626L.063@ .586+.058@ .632+.060@ .681E£.059@ .679E.061@ .6724.053@ .689%.061
magic .8734.000@ .776.000@ .784+.000@ .872+.000@ .870%.000@ .877%.0000 .826=+.000@ .874=£.000
mnist L0004, 000@ .990+.000@ .995+.000@ .000+.000 L0007+, 000@ .000+.000@ .999+.000@ .000x. 000
optdigits .995+.001@ .870+£.011@ .966+.005@ .996+.001@ .995+.001@ .996+.001@ .974=+.005@ .996%.001
pendigits . 0004, 000 .9804. 091 .9984+.002@ .998+.003@ .000+.000@ .000+.000@ .999+.001@ .000%.000
poker L7397+, 000@ .504+.000@ .566+.000@ .7134+.000@ .735+.000@ .752&.0000 .690+.000@ .743%.000
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(% %)
FACIEE S Bag AdaBoost MetaSVM MetaRidge SoftMin ConvexDS Agnostic MarginWeight
satimage .9984+.001@ .9694.008@ .9694.006@ .998+.002@ .998+.001@ .998+.001@ .997+.001@ .998=%.001
segment . 000+, 001 .8274.235@ .999+.003@ .999+.003@ .000+.001 . 000+, 001 . 000+, 002 .000£. 001
sonar .8434.052@ .733+.063@ .726+.061@ .657+.094@ .845+.047@ .853+.052@ .818+.052@ .858k.049
spambase .975+.004@ .926+.008@ .931+.008@ .976+.004@ .976+.004@ .976+.004@ .966+.005@ .977%.004
tic-tac-toe .958+.022@ .8224+.037@ .930+.025@ .984%.010 .969+.018@ .969+.013@ .935+.023@ .982+.011
vehicle .987+.011@ .940+.025@ .967+.013@ .981+.015@ .991+.008@ .990+.009@ .986+.008@ .993%.007
vote .990+.007@ .923+.085@ .940+.023@ .911+.041@ .9914.006 .9914+.006@ .989+.009@ .992%.006
vowel .923+.048@ .812+.075@ .938+.037@ .799%.090@ .943+.035@ .939E.040@ .933+.038@ .959%+.031
waveform .9774.0040 .906+.012@ .900%.009@ .972+.004@ .977+.004 .9774.0040 .9554+.008@ .977%.004
wine-red .8274+.016@ .7294.019@ .735+.022@ .809+.020@ .826+.017@ .830+.016@ .799+.021@ .832%.016
wine-white .8344.010@ .702+.017@ .738+.015@ .828+.011@ .833+.010@ .8354.010 .804+.013@ .836%.010
Average 0. 885 0.789 0.813 0.843 0. 890 0. 890 0.877 0.893

M 2 Rl LA A R Z RN B0 A SO
FETLAR L 0. 05 19 B F MK T H B k. OF
HoAE 4 35 B 5 v AR SO R BE AE He b i
28 MRS EIUG T RICBIEE R, s — 1T R
(B[R] AF 2% W AR SC T $2 53 0 1A 45 SR 2 e DL Y.
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Background

In this paper, we research on weight optimization of the
base classifiers, which is a fundamental and challenging
problem in the ensemble learning domain.

The main difficulty of this problem is that it is easy to
over-fit. At present, the approaches that have been proposed
to determine the weight of the base classifiers could be divided
into two categories; Bayesian model averaging methods and
optimization methods. Bayesian model averaging methods
typically do not suffer from over-fitting problems. However,
for a certain learning problem, it is usually difficult to determine
the prior distribution. Moreover, such methods requires a
lot of training data to estimate the posterior distribution. As
a result, the application of such methods is limited. The
optimization methods usually suffer from over-fitting problem.
and a term that is related to diversity is typically used to
avoid over-fitting. However, due to the unclear definition of
diversity and the difficulty of parameter tuning, such methods
usually could not achieve satisfactory performance.

In this paper, we first analyze the generalization error
and AUC of the ensemble model, then we discuss the
relationship between generalization error, AUC, diversity
and margin. In order to analyze the AUC criterion, we present
the AUC decomposition theorem based on the Ambiguity

Decomposition, which is one of the most important generalization
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error decomposition theory. Based on our theoretical analysis,
we point out that the margin maximization method not only
reduces the empirical error, but also reduces the diversity
among the base classifiers, which leads to the problem of
over-fitting.

Based on the theoretical results, we propose two new
weight optimization algorithms to combine the base classifiers,
and the targets of the two algorithms are classification error
and AUC, respectively. In both of our proposed algorithms,
we make use of the margin of the ensemble model. Moreover,
the objective functions are quadratic functions of the margin,
thus the learning procedure can be guaranteed to be conver-
gence. By introducing a trade-off parameter p, the margin is
optimized to a proper level, and the optimal balance between
accuracy and diversity is achieved. Since the parameter p is
highly related to the regularization parameter, in practice, we
could fix p and determine the regularization parameter using
grid search. Thus there is only one parameter that needs to
be tuned. And therefore the proposed algorithms are highly
applicable.
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