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A Design of a Massively Parallel Model and its Learning
Algorithm for a Self-Organization Neural Network
Pattern Recognition System
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ABSTRACT

We propose a neural network model and an unsupervised learning algorithm for pattern recognition
of a task easily accomplished by human being. Our learning algorithm is based on modified
Scofield’s learning algorithm in order to calssify nonlinear patterns as well as binary patterns.

Training patterns for evalua‘ion of recognition ability consist of numbers (2, 4), alphabets(A, B,
F) and consonants of Hangr:. -1, v). As a result of learning, our learning algorithm recognize
training patterns correctly e 2n 'wnlinear patterns.

I.M & 4% avste 458 AFHAN HNste A7

X Aok U AN FHRHE £3 A

"2 B8t 7)go] wagto) mat Qlzte] A & el Bokg AMejstae Ao A A 5y 2
A vlA A Zata Qo dE B9, HHFEHAA QA

kg AR ARALEH 3 wel gAY 4% Ayt Fo A4 Y
WICEM 92135 (21992 4. 15) (recognition tasks)E& 2] 3}7] gl e o8 7}

1362



BX/AE ANE AP A ey wd o g duadE oAy

2 Atz Eo] FAlo FHtE 7] wffof o]& FA]
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Fig.2. The Neural network model for recognition a visual patterns
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8. PATTERN[B] 1§ ‘.’
9. PATTERN[9] 1S "v.
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CENO G WN O

PATTERN(O] IS ' 7~
PATTERN[1] IS * 7~
PATTERN[2] IS 'NON’
PATTERN[3] IS * v~
PATTERN[4] IS 'NON’
PATTERN[5] IS "NON’
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PATTERN[7] IS 'NON’
PATTERN[8] IS " v '
PATTERN[9] IS ' v’

% 4 H2:E sfelel] tf 3k 1 Huh

Fig.4. The result of recognition for test patterns

1367



HEAE SR 3LEE '92—-12 Vol.17 No.12

0.0 0.3 .
10 - s

as

y
oo
— x
(I)
Lo 0.3 1.0 (n
. =N » N N
O3 6 u Y A REE G TR
L / e Fig.6. The architecture for the classification of nonlinear
A\, ~
\\ \ - partterns
as \ | [ ]
/ ;/ [19d5 [ ] [-1815 T 1(™error)
/ Learning data  Class Learning data  Class
A . t x ¥ X ¥
o . .j ‘L y 06 02 0 094 07
— X 06 04 0 095 065
(1) 07 01 0 075 017

21 5 B M8 trai e =
S8 5. VI training A5 09 01 0 06 009

08 0.2 0 045 005

0.9 0.2 0 035 005

0.7 04 0 071 045 0O
03 03 0 06 06 0
0.2 06 1 02 097 1
04 07 ] 04 097 1
01 07 1 05 097 1

1

1

1

08 01 0 0.55  0.07 1

1

Fig.5. Nonlinear training patterns 1
1

293 (0utput Layer)

03 08 1 048 07 0

%2t (Hidden Layer) 02 08 1 06 07 1

01 09 1 08 092 1

04 09 1 007 08 o=

03 10 1 048 07 0

Q&2 (Input Layer) 099 0.0 1 07 06 1
Algdold Ao A 5 e classE AR & &
() FEE 7 AT v a5 (1) sl

1368



B /Y A4 P AR HaY 2l 2 g gudFE g

daldE ste fok (HY e (DaAgeo
FU%E s C‘l Frtgoan A7 #2gel A
& AL o A Hadg sFATled
Zouich MZ e ke A 1 olRE dEE
A ZEZog d5g AYPste AHAA d44F
ol coding® %l“@l el g hA A A Qi) o 2
#E FuEE Fo U3 ALESEA FALE
HHe e class% FAMEHA] 92 HEe &
class2 E-§3l7] $lgtolch. Al Balold A= (1) 4
A sz ZA FgE A e s I A
£ o F Ao (IHAE 2% A 45
of 4] Z13] 8% (learning count=9460000)% 3}
o 271&x:= 0.2 8582 0.0005, f= 4.5, dis-
tancex 1.012 Ft}h. & (Layer) 2, 3, 40 M= g5
EdsA 5.002 FA)

v.d 8

7]1Z 2] Coulomb Energy Network& HE 3] A<t
AR dE A2 mdd ojsjE (sha =&
2}, G2 o vAy HH g 38t AQtE 2Y
9] performanced & Z33stod Botrk 1 A intersec-
ton- o] AL Ao UM dHeA EFTE
2 F7F Ak ey, 29 59 () sl 2ol

He HeellME class7h ThEH A 7prtel e
Foll disiAe Az st £8& & 571 A
ol FAlw Yo sejsol 5&} RO R fikEs o
= Ax 2Hste] @t go] FPYXNE Fod E
g Fdeget 2o

:V*

P uﬂEﬁO]Ui B2 gdoA: o]z d HE-L 21l
3717k ofgf g-elet gt wabd ko g e olejdt
Zﬂ‘—a %’57}‘3}01 nde saslel  so) £ 2 =

i
of
A B2 (feature) S A &8 A 7R (detection) T 4 3
o AU U B B e 39

L

2 nde [BM personal computeroﬂ A Turbo C A
olg A& 3tel TR

(o]

| E2e 1990 B EAISE|e| X E wol FHE A
of

4

028

HI]

1. Amari S. and Maginu K., “Statistical Neurodynamics
of Associative Memory.” Neural Networks, pp.
63 ~73, 1988.

2. Amit D. J. Gutfreund, H., and Sompalinsky, H.,
“Spin—grass models of neural networks,” Physics
Rev. A2, pp.1007 ~1018, 1985.

3. Gail A. Carpenter and S. Grossberg, “A Massively
Parallel Architecture for a Self —Organizing Neural
Network Pattern Recognition Machine. “Computer
Vision, Graphics, and Image Processing 37, pp.
54 ~115, 1987.

4. Scofield, C. L., “Leaming internal representations in
the Coulomb energy networks.” 1CON, vol.l, pp-
271 ~275, 1988.

5. Scofiled, C. L., “Unsupervised Learning in the
N-Dimensonal Coulomb Network.” 1989.

6. David M. Clark and K. Ravidhankar, “A Convergence
Theorem for Grossberg Lcaming." Neural Networks,
vol.3, pp.87 ~92, 1990.

7. A. C. C. Coolen and F. W. Kuijk, “A Learning Mech-
anism for Invaariant Pattern Recognition in Neural
Network.” Neural Networks vol.2, pp.495~506,

1989.

8. Fukushima K., “A Neural Network model for selec-
tive attention in visual pattern recognition. “Biologi-
cal Cybernetics, 55(1), pp.5~15, 1986.

9. Fukushima K., S. Miyake and T, Ito, “Neocognitron :
A neural network mode! for a mechanism of visual
recognition, “IEEE Trans., SMC, 13, 5, pp-826 ~834,
1983.

10. Fukushima K., “Analysis of the Process of Visual
Pattern Recognition by the Neocognition.'” Neural
Network, vol.2, pp.413 ~420, 1989.

11. A. D. Gordon, Classification, Chapman and Hall,
1981.

12. G. Grossberg, The Adaptive Brain, vol. 1, II,
North —Holland, 1989.

13. MIT/ Lincoln Laboratory, DARPA NEURAL
NETWORK STUDY, AFCFA International Press,
1987.

14. Barbara Moore “ART1 and Pattern Clustering.”

1369



BB ES AR "92—12 Vol.17 No.12

Proc. of the 1988 Conectionist Models, pp.174 ~ 185,
1988.
15. T. D. Sanger, “An Optimality Principle for
Leaming,”  Mogan Kaufamann
Publishers, pp.11 ~19, 1989.

Unsupervised

W B #(Sung Jong Chung) % 3|9
1971 ~19759 : gty stnt &8t
A}
19803 ~1982' : Houstonth & it
e HA
1982 ~ 1984 : Houstonth 8}t
HhALA A
1986'd ~1989% : Fwhuh st & o}
g
19913 : Pennsylvania State University Post Doctor
1985 ~& A AEostw 2ol gl AHFE L Rug
WA o 1y A, F 212

#b & i (Jeong Hee Park) X34

1986 ~1990\d : AE & 2rat
A}

19913 ~& A et skl
HHF el gt

kAl Bok: a8 2 VLS De-
sign

1370

16. Bernard Widrow, Rodney G. Winter and Robert A.
Baxter, “Lavered Neural Nets for Pattern
Recognition,” 1EEE Trans. on Acoustics, Speech, and
Signal Processing, vol.36, No.7. pp.1109~ 1118,
1988.

g I sp(Jeong Su You) %3¢
1980 ~1984d : M E-of&n o] &

A
19843 ~1986%1 : A&t ol g
44t

1989 ~1992\d : S g A4
YAt wpAbe)
A F8
ST e dd
}AL

19923 ~ &) -

[

oN

A Rob: ¥x12, A HI 2



