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Abstract: Neural network ensembles have been used increasingly in recent years to improve classifier's
generalization ability. There are several methods of designing neural network ensembles, such as weighted average
linear ensemble. The output of the weighted average linear ensemble is a weighted average of the output of each
component neural network, with the weights determined by a function. Based on the characteristic of the
classification issue, a function is defined, which is the ratio of the pattern separability within class to the pattern
scatter between classes. The minimum of the function corresponds to the optimal weights, so an optimal linear
ensemble is obtained. The optimal weights are searched by a genetic algorithm. The rational e behind the function is
also analyzed, showing that it accords with the Bayesian decision rule. Finally, to estimate the performance of this
linear ensemble, two handwritten Chinese character feature sets and four data sets from UCI machine learning
depository are used. Empirical study shows that the optimal linear ensemble method can produce ensemble of the
neural network with a stronger generalization ability.

Key words: neural network; neural network ensemble; classifier; genetic algorithm; optimization

Bayes
* Supported by the National Natural Science Foundation of China under Grant N0.602730333 ( ); the Natural
Science Foundation of Jiangsu Province of China under Grant No.BK 2004079 ( ); the Natural Science Foundation of
Yangzhou University of China under Grant No.KK 0413160 ( )
(1965 ), , ) ) ' , , ; (1938 ),

(1940 ),

© DEEREBAAAIFUN bt/ www. jos. org. cn



1903

4 UCI
: TP183 A
20 80 , . , )
1990 ,Hansen  Salamont! ) ,
1996 ,Sollich  Krogh'?
[1,3]
: : (1)
(2 :(3) {(4)
Liu (561 ) , ,
,Liu 15 ,
, :Jang el
[5,6] : , [7](
)s 3 , ,
[8]] [9],
, ,Zhou (7,10
, , Zhou m :
:Giacinto (10 ,
, ‘Bakker [ .
.Carney (12

© R

http:/ www. jos. org. cn




1904 Journal of Software 2005,16(11)
, ,Cunningham (131
) :Tumer(4 Bayes
) Bayes
2
, Delta
. i, [
1, 0. )
(8], Bayes
2.1
Bayes
.1 (1=12...N) Fo=(fip frpn fie)s o (i =12,,C)
— R PR R N
i F:(flvar vfc)r fi:ZWIf“
=
D=(d,d,,....d,), E(||E— D||)
e, , i, d=1,d,=0(j =),
]
1 , 1 (10.,...,0)
.(10....0) 1 :
i D, F: o D, .

(1)
2
©)]

© PEBREBALTU bt/ www. jos. org. cn



1905

2.2

.S, -E(F-D)).s,-E

1 C
c 1
j#

F- Dj“} @ ©

c
' Sg
' Sg . ,
(optimal neural networks ensemble,
JW)
I S ST
gk ( @2.0) .
, Bayes , :
2. >, (j#i,j=12..C), i
1
Bayes
1 2
1 2,
[F-ol- mnF-ofi= F-o|<fF-o] i«
D, i 1, 0; D, i
[F-of<[F-p| & (f-07+ (52 < () + (T, -7
(F =07 +(F)* <(£)? +(F,-9° = ;> 1.
1 2,
2 1.
2.2
2.3
Houck (18] GATO
GATO

W = (W, W,,..., Wy )

fw)=c, -
Ss

Sy S S
- Su
ONNE).
2
1 0,
O
1 2
(7
V. m(@=12..C)

© HHEREBAAIGUT http:/ www. jos. org. cn



1906 Journal of Software 2005,16(11)
A 1&(1 &= A 1& 18 1 &=— — .
Su==Y|— F—Di“ Se==Y| =3 | — F—D-“ F i k
Czl[mg - j cX mé C—1§ L
j#i
.G, L fw) 50%,
Sw <Se, C,=1
A N
f (W) 2w =1, W
1=1
w,
W ©)
W
1=1
3
5 , 5 5 )
, 4 ( )
20.

Bagging 2 , (bootstrap
sampling). Pl(hasic ensemble
method, BEM) , (majority voting)!”!
Jimenez!¥! (dynamically averaged network, DAN),

ONNE.
[17]
31
1 NUST603HW.
19 ¢ 400 , (cross
number)!®! (periphery feature)® 2 ucl
Heartdisease , 3 ,
L etter , 5000
1.
Tablel The test datasets
1
Data set Classes Features Size
Cross number 19 128 7 600
NUSTE03HW Periphery feature 19 128 7 600
Heartdisease (Hungarian) 2 10 261
UCI repository of Letter 26 16 5000
machine learning Waveform 3 21 5000
Glass 6 9 214
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Table2 Experiment on comparing Bagging and majority voting with ONNE
2 Bagging ONNE
Data set NUST603HW UCI repository of machine learning
Cross number Periphery feature Heart-Disease L etter Wave-Form Glass
BEM 85.34 87.88 76.90 79.25 86.15 87.88
DAN 87.21 87.61 77.34 81.06 86.78 87.87
Majority voting 86.66 87.67 77.55 80.97 85.33 88.32
ONNE 88.91 88.49 79.76 82.45 87.12 90.53
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