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ABSTRACT
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2.2 Cellular Neural Network with

Associative Memory.
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2.3.2 Global Weight

A A 6}v%l'(Global welght)l_ 2= dH"
‘)‘1«] Faoltt. &, RE 2R 3323 g
o}

o, = $.m,

2. 4 Weight Selection

st ik MY &Fgk vimay RrEsiEg)
A FoAA st stEg A 1% Ag sty
dHoln|A &= AAEFET BE BREFE71)
Ageo] Prje shgdolElE }‘491 S
1702 dAstEa 283 PAY R EaE3
2Yo] A3, &9 BEFaS Tk Ade
gudFel e 4 HAH9 sz e
Agste] HASFS% 28l Hegs) Muw
3l gk NHH 22 ghestd FyE3 d4d =9
FEE E U
A= 3-3— EHato] dx3tE A9, 19 4=

o]

TREOl dATFA e B9 oo},

X 3Fg AY dyg= (24 3 &Ax)

1. local pattern®] $X| 8} & a5zt =9
9 B/ A0, L1,..., LP-1)o] & HES
= A" @E 10] gx)

2.A9" HHE F AA Fi 289 2
TG dA = Hu g Ny

(AA E73% 1, dHsE 194 98 Ha)
3. dgE dEo B e A4 =
#* 294 g

SHOMA
i |
G LP-1
#H20I010
wREEa 0 0
SHEREE lc:*‘“._“:&
HE a0

233

k=1,,P (5)

jk yk yk (6)

g oaln

! ! l

G LO LT 12 13 LP-1
FEH O
EHERY 2 o 1 5 g 0
BHEU & L:ﬂ
HME He |

8 4. ot=et 8= 1|

19elA At HEol P A9 YA

= ol A& WA WiE Fgd. (a¥ 4

ES
2914 dAse ddol Y2 A$ A
333 299 ER3T ke AHS NEw

o} (28] 354 EREANA 778 A-9)

2.5 Al gl Ax

Aol el E 0~99 olgtulol %z} o]
ujxs} 16719 nF EAW olnAE BE Q
e, B/F7I 4709 FExs=E2 Fol
16708 °ojv]AE F A4 & F A1 9Y
olulz= 2569 #lo] IAL A}%EPE} =
Hx=o ¥ 1 £ -1 olu 93 WY
+ 0.0001 35E-2 0.00001 ot}

X2 FFES BRI g8 Zwo 2z
ojmlAE qUYPoz ALt 2z olux|9
A7) 50%x50 ola, olu]x|9) FAAE =
AE AHE-3ITE 9709 o]£ AL Jl7 CNNE
52x52 A7IE 7HA 1, 25709 o|2AL 7R
CNNZ 54x543718 712t zp g4
+1EH -1 9 & 71 AAAe] gk
< &4 0otk

B0 5
Boas

num pixet=306

| i ]

Glokat output Local output

5 5555555555
EC R R S

numyixclng\gl s 2 3 s N s 0

cﬂ1‘.c
J

num pixel=293 nom pixel=319 aum pixel=350 num pixel=374
Isi itoration 2ng Sih thth
{34 iteration)
num pixel= 355
8 5. =X 0l0IX Q14! =221 X



Proceedings of KFIS 2002 Spring Conference, 2002. 5. 25

@) 4= ojnA

( @g=0g0 2= A7 &3 D

r

() glokal output

ALELELS
£ £

pLELP

{0) lecal output

™\

(d) 1st iteration (&) final output
2 6. 4= OI0IXIS Al S&

£
£

29 6 Ak A8 4 deleld] o
@ Adolth glge FLOE s HolH
A7t 248 Pt A9 B9 bt
Az RE SFke Adsel AAY s ol
uxg Bdstn A4 & Yok

n. 2 &

B =RdAMEs dEg AAs2YS &t
o g Jfd WFE T I 2FS
A Big Adargen, A ovXst AF
EA# ojujA o HEsto] I & 58
Rt

71&2 Hebb #&LHWNE ol§d AEe
2o A oluxe {AHIAl met
7 skl Algo] glont Atd ¥y
gle] arivt &3 e Ads
£t} CNN9J zA 544 oulA] A

He o= A F&E AAL + 7] A&
o AA sF EYVCER TFH ovAE
EFn QA 5 WA, 3A HEL o))

g ojux ] B
o} o] BAE F¥ T HAEge=R
X3 282 g5
Az

o
o
i

oz
=

i/}
(i

[e)

2

2 12 rjo 1% (R
2
52 td

-l

R

p
e
Bl
)
¥
s

Sil'
i)y

o

p

ﬁrsh‘“l
| 52

R
i
lo

(g ok Jiox & O B
>0{)1A£3mlm£m°,i:
M o

O

A 2 2 AE BEYlER HAF
23 A (M10107000005-01A2200—
0 H XUSE SHEYS

[11 L. O. Chua and L. Yang, “Cellular neural
networks”, IEEE International Symposium
on circuits and systems, pp. 985—988, 1988.

[21 L. O. Chua and L. Yang, “Cellular neural
networks: Theory”, IEEE Trans. on circuits
and systems, vol. 35, pp. 1257-1272, Oct.
1988. )

[3] L. O. Chua and L. Yang, “Cellular neural
networks: Applications”, IEEE Trans. on
circuits and systems, vol. 35, pp. 1273-
1290, Oct. 1988.

{4] J. Hopfield, "Neural networks and physical
systems with emergent collective
computational abilities”, Proc. Nat. Acad. Sci.
vol 79, pp.2554—2558, Apr. 1982

[51 S. Wolfram, Theory and Applications of
Cellular Automata, New York: World
Scientific, 1986

[6] S. Tan, J. Hao and J. Vandewalle, "Cellular
neural networks as a model of associative
memories", Proc. of IEEE Int. Workshop on
Cellular Neural networks and Their
Applications, pp. 26—35, 1990

[7] G. Martinelli and R. Perfetti, "Associative
memory design using space—varying cellular
neural networks for associative memories",
Proc. of Symposium on circuits and systems,
pp. 549-552, 1994.

[8] D. Liu and A. N. Michel, "Cellular neural
networks for associative memories", IEEE
Trans. on circuits and systems, vol. 40, pp.
119-121,1993.

[9] M. Brucoli, L. Carnimeo and G. Grassi,
"Discrete—time cellular neural networks for
associative memories: A new design method
via iterative learning and forgetting
algorithms," Proceedings of the 38th
Midwest Symposium on Circuit and Systems
vol. 1, pp. 542—-545, 1996

234



