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(A self-organizing algorithm for multi-layer neural networks)
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Abstract

When a neural network is used to solve a given problem, it is necessary to match the complexity of the network to
that of the problem because the complexity of the network significantly affects its learning capability and generalization
performance. Thus, it is desirable to have an algorithm that can find appropriate network structures in a self-organizing
way. This paper proposes algorithms which automatically organize feedforward multi-layer neural networks with sigmoid
hidden neurons for given problems. Using both constructive procedures and pruning procedures, the proposed algorithms
try to find the near optimal network, which is compact and shows good generalization performance. The performances of
the proposed algorithms are tested on four function regression problems. The results demonstrate that our algorithms
successfully generate near-optimal networks in comparison with the previous method and the neural networks of fixed
topology.
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Table 1. Comparisons of the proposed algorithms and DN
trials are shown.

~ g Two-layer networks Three-layer networks
Measures DNC-QN DNC-LM SOAD SOAD SOAD SOAD
DoFs 56.6 530 39.4 57 262 o
o (std) (9.32) (13.2) (2.64) (4.79)
T ] I ] 0411
est NFVU 0.0566 0.0516 0.0497 00479 0.041 00401
(std) (0.01082) (0.00390) (0.00144) (0.00187)
DoFs 322 218 234 2 B B
g (std) (5.6) (3.80) (3.68)
: Test NFVU | 00414 0.0423 00420
0.0334 - -
(std) (0.00295) (0.00298) (0.00178)
DoFs 714 570 490 9 430 51
% (std) (13.2) (652) (0) (3.69)
T 1 I ) X
est NFVU 0.0678 0.0633 00548 0.0541 0.06594 0.0564
(std) (0.00878) (0.00674) (0.00064) (0.00491)
DoFs 162.2 1138 90.2 % 3.1 o
s (std) (24.8) (10.3) (3.60) (11.85)
T ; I X 1
est NFVU 0.0690 0.0697 0.0604 00535 0.0439 0.0509
(std) (0.01605) (0.02373) (0.00758) (0.00873)
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Table 2. Comparisons of the performance of the two-layer networks by the proposed algorithms with that of the networks
having fixed structures. For the fixed topology the success rate of 100 trials is given in ().

Measures Fixed topology SOA-P avg. | SOA-P best| SOA-D
DoFs 29 (0%) 33 (2%) 37 (11%) 41 (52%) 394 37 37
G Structure 2-7-1 2-8-1 2-9-1 2-10-1 - 2-9~1 2-9-1
Test NFVU - 0.0513 0.0497 0.0510 0.0497 0.0482 0.0479
DoF's 17 (0%) 21 (4%) 25 (92%) 29 (96%) 234 21 29
92 Structure 2-4-1 2-5-1 2-6-1 2-7-1 - 2-5-1 2-7-1
Test NFVU - 0.0430 0.0411 0.0411 0.0420 0.0334 0.0334
DoFs 41 (0%) 45 (3%) 49 (21%) 53 (48%) 490 49 49
g3 Structure 2-10-1 2-11-1 2-12-1 2-13-1 - 2-12-1 2-12-1
Test NFVU - 0.0627 0.0598 0.0617 0.0648 0.0542 0.0641
DoFs 85 (0%) 89 (8%) 93 (33%) 97 (65%) 90.2 & 89
94 Structure 2-21-1 2-22-1 2-23-1 2-24-1 - 2-21-1 2-22-1
Test NFVU ~ 0.0639 0.0615 0.0611 0.0604 0.0519 0.0535
a7e [-005, +005]9] HHdA AA3Ht e 4 T dFEARAol glol FF Fe AFHE HolER
L 109& vHE Ptk EFAAE 00w Asisith) Atd dxneEFe 7
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(DNC-LM)¢ Agtd dxeFS vug Aoty 24 9 A< g7 29se 39 S7F dolvAl ¥
Tl Jiroh ekt g, i 1084 AFd o 7] W& 8
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& Z7te] EZAANE P JEALT (SOADY 3 E FndFo o9 25 AAH2Pe Yuges
[e]

oo BE FEE BEAE QXU gaHA gt 3

< BAHA7] WEA olgt o] AA3AC

g2 FfdAA AAFg0T. A
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Table 3. Comparisons of the performance of the three-layer networks by the proposed algorithms with that of the networks
having fixed structures. For the fixed topology the success rate of 100 trials is given in ().

Measures Fixed topology SOA-P avg. | SOA-P best| SOA-D
DoFs 19 (0%) 20 (2%) 25 (2%) 30 (71%) 26.2 20 25
G Structure 2-2-3-1 2-3-2-1 2-4-2-1 2-5-2-1 - 2-3-2-1 2-4-2-1
| Test NFVU - 0.0376 0.0400 0.0460 0.0411 00334 0.0401
DoFs 37 (0%) 43 (8%) 44 (25%) 51 (73%) 480 43 51
93 Structure 2-4-4-1 2-6-3-1 2-5-4-1 2-5-5-1 - 2-6-3-1 2-5-5-1
Test NFVU - 0.054 0.0575 0.0582 0.05%4 0.0499 0.0564
DoFs 20 (0%) 25 (3%) 31 6%) 44 (15%) A1 25 ps)
G4 Structure 2-3-2-1 2-3-3-1 2-4-3-1 2-5-4-1 - 2-3-3-1 2-3-3-1
Test NFVU = 0.0415 05029 0.2921 0.0439 0.0328 0.0309
2 AL Agslus BEE AL AdE gudFol SOA-P¢} vlagE = g9 gl ol &F 7| Be

- DNC-QNell uj#ix & oF 10~45%, DNC-LMA H]8iA
£ 15~26% 3= o & 72E At

st 23Sl 3%, gool Wisl DNC 8] SOA-P
o HjsE As AolstaE AtE Wiel o 10~15%
A= W2 NFVUE 2. =3 Ag" dagFol
DoFss} dutshyds BFoA 94 o e EFUA}
Bo queFe A FWdAN FdE AL B
itk 33 WA= A3} A DNCE A3} vl
3t 7z, ditsids, A SN S,
3 g% 9,9 A% 2% A=Y dE AgE &

FROL © F3 dwshdsel 8 182
TAE F Itk ol& Atd daEFel 29 F7F
34¢ T3l o e 729 AFEYe FHE F
Qe 7FsAol A&E HoFET

® 2€ 39 718 585A d%e BT AdE @
15 1ZTE ABIA2EE I F Aot SOA
Pl oF Hi B3R A7)= (FeA SOA-P
best ¥%) S 7hed 1ATE AWPIARY AL
TEAM ZA HojyA et g9 B¢ 1Y T
ZAME Stgol BT 2-21-1 729 NA3sET
< 8329, g, BF M AL hed &
€, g% g59 BHole FaTEEY sh B &Y
g ze ARsezge F A SOA-PY
PZAA A3 2% F2E SOA-PY HLTRRTG
F BE BF|AT GA HaTR TR e &
+ ok 23 gutd A5 94 nPZTE APF=
Fro HssAY F& AE & F Yo SOA-De

i

A

o K 4w K

[eS KX

]
= =1

(256)

euRde 4752 AYsgod 4x HaTa
o FHeH, dwet 4% wF 2ATR HH ¢4

4 AAE o A% AHojo 7
Ao HpEdME AGEEYE B F ded,
gsgo] HA g AuY A2 wEE A

SB2M A7) FA% #Hadte Aot F dag

o
# 32 F9 FUHE &t 209 29 AES
3 Ao 2AE Had Foltk. T Ve I8t
e Y 2Ade 23 ABI=TE TAEANE W)
2E AFgE Btk SOA-PI % JA3 =3 H
2TEE B Mo H& 72 aATE AFI=
% &+ on, AT RAA o]E T&

s
g ATES I 2%, 8%, 3% EFsttt. SOA-D
AI}= SOA-P 7 & A3} vzsit. g, 9
2% SOA-PY HaxTzxs} & AHAE, gy, g;9 2%
SOA-PAl 93 HATRED & 7] B FHL /A
ARFYzgo] AAHAYL. T LuPEY H2E
NFVUE 23724 449 vssAY o @& A
& & itk SOA-PS} SOA-D A%F9 8L ¢,
o] A% B3 FEAA YEEt F gaelEd 9
g AAN2D HLFRE nFTFRAA g HFE
o] 3%l &3 Ao, dwstdsS vluPyS W 2

T

.

2.
E=)



20044 53 TXISEI =

Training NFW

000 1200 1400 1600 1800
Epochx

(@)

0 200 400 600 600 1000 1200 1400 1600 1800 2000
Epnochs

{©

Training NFW

2000

0 500 1000 1500

2500 3000 3500
Epochs
(d
% 7. 2& MEEH2Y HEFH @) 9, () g5 (©) g3 @)

94
Fig. 7. Learning curves of 2-layer networks for
@ g1, b gz, (© g3 and (@) g,.

AFzAA BARE FEGEAA Qo] R LARS
JE A 2 5 Sk

(257)

BEAHMHNACHENIE 63

T T SOAP
—— SO0A-D
2 P
o
£ !
[ 1
®
- H
0 500 1000 1500 2000 2500 3000 3500 4000 4500
Epochs
(@
100
----- SOAP
—— SOA.D
10’ 4
g ¥
=3 U
£ H
€ 10 H
‘s !
[ 4
'k ~ BEL
. , o i T, J
0 1000 2000 3000 4000 5000 6000
Epochs
b)
10 — —_—
SOAP
SOA-D
E 10° k|
2
£
[
(= e S O O O N ¢ - VOUN & S,
10"t
0 500 000 1500 2000 2500 T
Epochs

()
a8 8. 35 MAHZY 53 (@) g1 (b) g5 (© g4

Fig. 8. Learning curves of 3-layer networks for
(@ g1, b) g3 and (¢) g4

a9 88 3% AAEY U@ AL THAA %
£RHE Uer Aolth Hge) B4 BAT $
3 927} Mol Yehbe RRE 29 37} Ao &
o

& AAse FAod 9 FUHE F&IA &
O" 73 v aPE i FAAH g s 2~ A
71t o= 39 b M9 wdAA #AdlA
B AZto] 285317 wEojd.

SOA-P % SOA-DAIA 713 Azte] o] ARHE
Ae dZaA AAolth. o] Wi dZLA AAo]

2= 7129 DNC i b)) a9HE o 22 A7ta
AAES BgE vt 27 EHZE Ad95ed 2
2= AZkelu SOA-PA Y FRAYF 74 2 SOA



64 o3

~Dell o] 2L 71FA 7 Atell dEle A1 AA
Az 2 FARA 10% ngtez 2AEJT LM
dungFog sl DNCol Hls) Aldtd dxnyd
%9 3718 343/ ¥+ A$ Hd 15~24 A

Lo

&, 29 F/E 388E 3¢ 2~ AXY NS
L3 AL #FsAY. 28Y X 1004 JERG A
Y e 3 W, o3 ANF Fhe AL
dokz & 4= Utk
J \< I

B =RdAME b5 AFIP2LE o)L3 |74y
AdnEL AYsigon RoANYPL £l I AL
71€9 DNC ¢38% 2 3AFZE A733zdy vu
235 Yc) Jdd dugEe F23 EAL & ¢

wsl Ass e ek &}
A3zdg A A Tt
237 dndFH d2LA %lial—a-% o] AMg-3H
th. DNC ¢xeEdl Hl8 43 zwe 7], dush
Ae R A WA T 23S Yehhglen,
149 F2E MNE *l%ﬁi“*—"— ghgAZl At o
HLRAE 9 F& Gust A5 S JHAEA FErked
HixTZ TP él?éiliﬂo*s FHE 5 e Ao
2 Jephtt

FEAAZE AV 42ATE 85 240 2
A4 4 Aol £ Ao AY A4 TR 44

St AT E T

S g Utk B, A dugEd 728
o & 84%+E 7IAE ABga R g3 dag
Fo2 s g,

#1g®

[11 S. Haykin, Neural Networks: A Comprehensive
Foundation, NJ: Prentice-Hall, 1999.

[2] M. T. Hagan, H B. Demuth, and M. Beale,
Neural Network Design, Boston, MA: PWS
Publishing, 1996.

[3] T-Y. Kwok and D.-Y. Yeung, "Constructive

* DNC-QN3} A¢td duelFd2 shgWgo] t27]
HE wixszlol AP Foh AAE ZAFE &
32 Fel LM g3IFRUY  FHEHESEI =9

DNC-QN2 A<dd WHro o 31 Azke] Zdo.

A=Y 0|88 17| 74 ¢uF

(258)

o|Z4 9

algorithms for structure learning in feedforward
IEEE
8 no. 3, pp

neural networks for regression problems,”

Trans. Neural Networks, vol.

630-645, May, 1997.

T. Ash, node
backpropagation networks,” Connection Sci., vol.
1, no. 4, pp. 365-375, 19%9.

[6] R Setiono and L. C. K Hui, "Use of a
quasi-Newton method in a feedforward neural
network construction algorithm,” IEEE Trans.
Neural Networks, vol. 6, no. 1, pp. 273-277, Jan.
1995.

[6] M. T. Hagan and M. B. Menhaj, "Training
feedforward networks with the Marquardt
algorithm,” IEEE Trans. Neural Networks, vol.
5, no. 6, pp. 989-993, Nov. 19%.

[7] J.-S. Lee and C. H. Park, "Self-organizing neural
network using adaptive neurons,” in Proc Int
Conf. Neural Information Processing, Singapore,
pp. 935-939, Nov. 2002.

[8] K Homik, M. Stinchdombe, and H. White,
“Multilayer feedforward networks are universal

Neural Networks, vol. 2, pp.

[4] "Dynamic creation  in

approximaters,”
359-366, 1989.

91 S. Tamuwa and M. Tateishi,
four-layered feedforward neural network: four
layers versus three,” IEEE Trans. Neural
Networks, vol. 8 pp. 251-255, Mar. 1997.

[10}] L. Breiman "The pi method for estimating
multivariate  functions from noisy data,”
Technometrics, vol. 3, no. 2, pp. 125-160, 1991.

[11] M. Maechler, D. Martin, J. Schimert, M.

"Project pursuit

"Capabilities of a

Csoppensky and ]J. N. Hwang,
learning networks for regression,” in Proc Int.
Corf Tools for AI, Washington D.C, pp.
350-358, Nov. 1990.

[12] V. Cherkassky and H. Lari-Najafi, "Constrained
topological mapping for nonparametric regression
analysis,” Neural Networks, vol. 4, pp. 27-40,
1991

(131 J. H Friedman,
regression through projection pursuit,”

"Classification and multiple
Dept.



20041 58 HASE3

Statistics, Stanford Univ. Technical Report, no.
12, Jan. 1985.

ol & M3t H)
19993 d=x#gried A7 2
AzF 8 AL 4.
20013 = |ed
Az AL AL 29,
20043 A I} &Y
AAAA ] dhAL A,
<F@HAEE AR volBY SAA4>

& HAEZY)

1995 @=x#3r&d W7 2
AAasr ) A E4.

19983 @=f&rled A7 R
AAF eI AL E4.

A AR TeFH
AXEO AEH AT,

<F@HAARE UL AEAHIY>

(259)

X X} A

=X XM 4 HCH A3 ZE 65

A

2 A )

1996 d=#87led H7l 2
AA-Fe I AL &4,

19983 =9 &r|sd HY #
SRR SRR PR T

1998 ~2001d A 513 <.

20013 ~20033 GCT
Semiconductor %

A AFAH A9

<F @A Eol IEEE802.16d,e, High-speed porta
ble internet>

s 2 A =AY
198411 A& st A58t
. AL 9.
I 1985 A Euo}l it
A7VFsta A &4,
1990 A xyet g3distu
A A 715 wAl £4.
1991 ~1992\d b= gried 7] 2
AA-FEH fFae/as
A ZHEr e AxRHASHY WS
nl = A7) AR £483 9.
<F AR AFA2H ARAY, X FAA,
# 3>

a4,



66

LS M3 2YE 0|88 AP 7Y YuYF

(260)



