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Abstract: Design and mplanentation of artificial neural networks based on evolutionary computation
can lead to significantly better network performance A revievw on evolutionary computation based neu-
ral networks design and implenentation is presented in details and some related agects are discussed
enphatically. Among then are the evolving training of network w eights, the evolving design of net-
work architecture, the evolving design of learning rule, different search operators, and the possible fu-
ture research directions in this area

Key words evolutionary computation; neural networks optimization algorithm

1 (EC)
, ()@

[1]
(EP) ™ (ES) 3 3

: 2000-04-17; . 2000-07-06

(1969—), , , , ; (1951—), , ,

’ ’



258 2001
(
)
(5]
22
,EP ES
(8.9]
, Gaussian
Cauchy (101 EP
1) u ,
k = 1, (Wi,n.),Vi
{1,2, ,u}, Wi N (
2 ES )
2) wi, M, Vi {1,2, ,u}
) (W'i,ni),Vi {1,2, ,u},

: w'i(j) = wi(j) + Ti(IN;(0, 1) (1)
M:(j) = N(j)exp{TN (0,1) + N ;(0,1)} (2
wi(),whi(G)  G), () wi,

w'i nn ;N (0, 1)
‘N ; (0, 1) s
Cauchy 111, T T (1]
o) (@ we
3)
4) q
u
21
5) , ; K
[2] = k+ 1, 2)

[6,7]



16 3

259

1 i n;
[12 14]
1 nl
; , (0 0 1
[15] : 113 ” 113 ” 0 0 1
' 0 0 O
{ 00
\0 0 O
(b)
, 1
( ) ,
’ ’ (b)
[16]
32
31
, N
x N C= (ci)nxn N
, Cij i j cij =
1, ;¢ = 0,
’ 321
7 [16,17] 1
: 0( ’
1(b)) ,
1(c)
’ 322

[18]
) [20]

—

© © © O

ns
Lo
n
@) 2
0 A
1
1
. 0110 101 O1
0
©)
(a)
©
[15,19]
[20,21]
[21]



2001

260

[22]

[23]

80%

Gaussian

, 20%

[24]
Sigmoid

e - [N
0 0
0 00 0 1012

0
1

(@)

34

[15]

0
00000O0O0NQ

0 00010 0 O

0 000 OO O0 O

100 0 0 0 O0 1

0 00O O0OO0OOG O

0 000OO0OO0OO0T1
L0 01 0 0 0 0 @

(b)

Ly 78

715

ns

Fiy

)

72,

(@
(b)
(c)

4.1

Pitt ),

(

[25]

M ichigan

BP

4 2

[20]

33



16

261

Aw (t) = anil,iz,zn,ik: l[eliz i

, Aw

Os

1)

2)

3)

4)

5)

[27]

[28]

Os
(3

2

10 © 1
delta
[27]

, 7

3 3 ,
2 Boolean

BP

, t

k

I:LXij (t- 1

, X1, X2,

[26]

delta

[30, 31].

1 000

) @

, Xn

[32] [33]

[34]

[1] Hertzd Introduction to the theory of neural computa-
tion[M ] MA: A ddionW esley Press, 1991

[2] Holland J H. A dagptation in natural and artificial system
[M I M It UnivM ichigan Press, 1975

[3] FogelL 3 A rtificial intelligence through simulated evo-
lution[M ] Newv York: W iley, 1996

[4] Schwefel H P. N umerical optimization of computer mo-
dels[M ]. Chichester: W iley, 1981

[5] Fogel D B. An introduction to simulated evolutionary
optimization [J] IEEE Trans on Neural Neworks,
1994, 5(2): 3-14

[6] W hittley D, Starkw eather T, Bogart C. Genetic algo-
rithms and neural networks Optimizing connections
and connectivity[J]. Parallel Comput, 1990, 4(3): 347-
361

[7] Janoon D J, Frenzel J F Application of genetic algo-



262

2001

rithms to the training of higher order neural networks
[J] J Syst Eng, 1992, 2(1): 272-276
[8] Greerwood G W. Training partially recurrent neural
networks using evolutionary strategies[J]. IEEE Trans
on Speech A udio Proc, 1997, 5(1): 192-194
[9] FogelD B, W asn E C, Boughton EM. Evolving neu-
ral networks for detecting breast cancer [J] Cancer
L ett, 1995, 96(1): 49-53
[10] Yao X, Liu Y. Fast evolutionary progranming[A .
Proc 5th A nnu Conf Evol Prog[C] Cambridge M IT
Press, 1996 451-46Q
[11] Back T, Schwefel H P. A n overviev of evolutionary
algorithm s for parameter optimization[J] Evol Com-
put, 1993, 1(1): 1-23
[12] Frean M. The upstart algorithm: A method for con-
structing and training feedforward neural networks
[J] Neural Comput, 1990, 2(2): 198-209
[13] Sietsna J, Dow R J F Creating artificial neural net-
works that generalize[J] Neural Networks, 1991, 4
(1): 67-79
[14] Roy A, Kim L S, M ukhopaduyay S A polynomial
time algorithm for the construction and training of a
class of multilayer perceptrons[J]. N eural N etworks,
1993, 6(4): 535-545
[15] A ngeline P 3 An evolutionary algorithm that con-
structs recurrent neural networks[J]. IEEE Transon
Neural N etworks, 1994, 5(2): 54-65
[16] M iller G F. Designing neural networks using genetic
algorithm s[A ]. Proc 3rd Int Conf Genetic A Igorithm
& Their Appl [C] CA: Morgan Kanfmann, 1989
379-384
[17] Oliker S, FurstM , M amon O. A distributed genetic
algorithm for neural network design and training[J]
Complex Syst, 1992, 6(5): 459-477
[18] BichselM , Seitz P M inmum class entropy: A maxi-
mum information approach to layered networks[J]
Neural N eworks, 1989, 2(2): 133-141
[19] Bornholdt S, GraudenzD. General asynmetric neural
networks and structure design by genetic algorithms
Neural N etworks, 1992, 5(2): 327-334
[20] Kitano H. Designing neural networks using genetic al-
gorithm s with graph generation system [J] Complex
Syst, 1990, 4(4): 461-476
[21]Vonk E, JainL C U sing genetic algorithm granmar
encoding to generate neural neworks[A ] Proc IEEE

Int Conf N eural N etworks[C]. 1995, 4(6): 1928-1931

[22]M ani G L earning by gradient descent in function -
ace[A ] Proc IEEE Int Conf Syst, M an & Cyb[C]
199Q 242-247.

[23] Stork D G Preadaptation in neural circuits[A ] Proc
Int Joint Conf N eural N etworks[C] 1990 202-205

[24] W hite D, L igomenide P. GANNet: A genetic algo-
rithm for optimizing topology and weights in neural
network design [A ] Proc Int Workshop A rtificial
Neural Networks L ecture Note in Computer Science
[C] Berlin: Springer-V erlag Press, 1993, 686. 322-
327

[25] Harpp SA, Sanad T, GuhaA. Toward the genetic
synthesis of neural networks[A ] Proc 3rd Int Conf
Genetic A Igorithm s & Their Appl[C] 1989 360-36Q

[26]LiuY, Yao X. Evolutionary design of artificial neural
networksw ith different nodes[A ] Proc IEEE Int Conf
Evol Comput[C]. 1996 670-675

[27] ChaimersD J, CruanaR A, EsheimanL J Theevolu-
tion of learning: A n experiment in genetic connection-
isn [A ] Proc Connectionist M odels Summer School
[C] CA :Morgan Kanfman, 1990 81-9Q

[28] FontanariJ F, M eir R. Evolving a learning algorithm
for the binary perceptron[J]. N eural N etworks, 1991,
2(4): 353-359

[29] Baxter 3 The evolution of learning algorithm sfor arti-
ficial neural networks[A ] Complex Syst[C] 1992
313-326

[30] zhang B T, Veenker G Neural networks that teach
them selves through genetic discovery of novel exan-
ples[A ] Proc IEEE Int Joint Conf N eural N etworks
[C] 1991 690-695

[31] Chao S, Cha K. Evolution of neural network training
set through addition of virtual samples[A ]. Proc IEEE
Int Conf Evol Comput[C] 1996 685-688

[32] :
[J] , 1993, 8(3): 208-221

[33] M aniezzo V. Genetic evolution of the topology and
w eight distribution of neural networks[J] IEEE
Transon Neural N etworks, 1994, 5(1): 39-53

[34] Harrald P G, KanstraM. Evolving artificial neural
neworks to combine financial forecase [J] I|EEE
Transon Evol Comput, 1997, 1(1): 40-52



