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Optimal Synthesis Method for Binary Neural Network using NETLA

Sang-Kyu Sung”, Tae-Woo Kim' ", Doo-Hwan Park”, Hyun-Woo Jo™°, Hong-Gon Ha™ * ", Joon-Tark Lee’
*Dong-A Uni, " "KEPCO, " “Dong-Eui Uni

Abstract-This paper describes an optimal synthesis
method of binary neural network(BNN) for an
approximation problem of a circular region using a
newly proposed learning algorithm[7]

Our object is to minimize the number of
connections and neurons in hidden layer by using a
Newly Expanded and Truncated Learning
Algorithm(NETLA) for the multilayer BNN. The
synthesis method in the NETLA is based on the
extension principle of Expanded and Truncated
Learning(ETL) and is based on Expanded Sum of
Product (ESP) as one of the boolean expression
techniques. And it has an ability to optimize the given
BNN in the binary space without any iterative
training as the  conventional Error  Back
Propagation(EBP) algorithm{6]}

If all the true and false patterns are only given, the
connection weights and the threshold values can be
immediately determined by an optimal synthesis
method of the NETLA without any tedious learning.

Futhermore, the number of the required neurons in
hidden layer can be reduced and the fast learning of
BNN can be realized. The superiority of this NETLA
to other algorithms was proved by the approximation
problem of one circular region.

1.A &

N-tuple S} 71412 % Bipary Neural Network
(BNN)& A 4o 2z e g FA4 ol de 71x
917 wEel A, sHeld Fo ol g gl
ey, diolele] Adgt $xElE fs BNNuUel dA
7 A BAle sEsA 2o

#Zol, Expanded and Truncated Learning(ETL)2}t
Be]¢e 7Eed g dned binary to binary mapping
o] ksl ol-4% 3% BNNE& &£847]7] 98 A=t
ETL& hard-limiter 84348 o432, 4282 Yy 7}
FAG dAAE Feolth FoiA FA Ao Y 2
M& 28 879 separating hyperplane Folz, 15
w9 #& dAFste Aojt o dmelF 94, BE
qele Al g 87es,. |

g4 E22]&<Q MSP Term Grouping Algorithm
(MTGA)E YXg =2 §49Y 39 3ud MSP
(Minimal Sum of Product)¥e]l®} 9279 Unates
B4 & O53e 39 430 a8, MTGAE ¥
2229 Unate®l §4€& w&ex] Rale o ¥4
A £33, e 24 E o ooz Rridc

webA, £ =F9A AU Newly ETL Algorithm
(NETLA)E unated] 54 9%31x) #3& 459 ¢
& ¥dl9 boolean expression® ©]&do] AL}
NETLAE ETL Z18§¢ ol&dlo dAAY 7154
g AR, %9 984 34 528 Q8L 3R

F4ec 4% AL e B 949 23N A8
s 28 292 U9 wade £8 paAPeA, B
SEEIE

SE% 9L 4 Y 1ol
2.8 2
21 o|® NF =z F=x

n-HlE9 ola FA g¥ HYEESo (nrDAYY
hyperplanedl &8 ¥2l€ 4 sldn 7138

nel(x, T)=wwx,+wexs+ ...+ wx,~T=0 n
A7, w; : A 4T T Alele] 43 FA
% A R

T: wael dAA
¥ 98 HE ; x=[x,x,...0,]

o] A% ¥HYAS FYFL Linearly Separable(LS)
HA¥gHoz RsEsln, (n-1)A¥9  hyperplaned
separating hyperplane® ©}e}9] hard-limiter €434
E W n-919 w4 os) Z¥dr

=O-_

ey
v—O\@Ay

o &

08 1 oA AR P
Fig. 1 Structure of Binary Neural
Network
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Fig 3 Structure of Three Layer Neural
Network for ETL

B 2 exfalie] rkexsl 4R
Table 2 Weight Vale and Threshold Vahe in
Hidden Layer

Ingrat
Newron ™o T Wz | W3 | Wa | W5 | W6 | T
1 313 R 1 7
2 5 1 1 | 3] 3 1 1 5
3 EIERENEIRE R
4 ezt -3 ] 3 P )
5 | -6 -6 0 o [ o 0 | -2

2.4.2 MTGA= #d&En
MTGA ¢ ¢z Ee MSPEez den, o
MSP#e] Unates] E4& & 83, g
o} 714, Unate®] 54 oFehe) <9} Zo] negatived &l
# positived € aﬁﬂﬂ FAl] gt FFEL
Unated] £4& uEstx) E&tn, $4¢ 5 ke
E?°}‘:’r
a o%, u'\" ﬂxi‘xz,xg)—f—: 7]'75}@'5}'
 Not-Unate
Ky 2y, 23) = 2%y + 2y03 + 3125 ¢ Unate
MTGA &g 2nelEe 98 93 E ite $x&Ed
Zhoff A Unate/} 54& ol&3d Unated] SAHE U
s gom wUT Aoln
f= (x,x2x1x5 %g +xlxzx&x4x5) + (x1x2x3x4x3+x;x2x4xgxb)
-+ (xlx7x1x5x6 + X XpX5% ,xr) + {x xpxax x5+ x1x7x4xsx5)
29, a5t o] 149 2827 4l FHoz T4
Yzoz 4d gz gHuth

O
ONONORC

coocsoccoo0doD

¥ X ¥ ¥ o x X x ¥  x ¥

f(xlvxzvxg) = xxy+ 2o Xy 2%y

i

o
o

3% 4 MTGAS 3% AA8E%e] 72
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Table 3 Weight Value and Threshold Value
in Hidden Layer
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1 -3 3 1 -3 3 -1 6.5
2 -3 3 1 3 -3 1 55
3 3 -3 -1 -3 3 1 55
4 3 -3 -1 3 ~3 1 43

2.4.3 H¢tsti= NETLAS| A gtMHn

£ =849A4 A¢F NETLAS $19) EAo =£3
AFo|tt. o] ¥ FL ETLY 342 989 boolean
expression %] EPS(Expanded Product of Sums)E ©]
£3td §43H k. NETLAY Unate®) 54L& &3]
A R A% MSPEoz EFHEHX guids A
& de 5% EAo) )l‘:}

FIU B m3 mew A% welan,
f= (xlxzx4x6 + xl x2x3x4 + x1x2x4x6 + x1x2x3x4)x5

+( x;x2x3x4 + x, XoX4Xg + xlxéx;x‘, + xlxéx(,xé)x;

= sfeely
(x40 + 2) 9232y + 002425 + X1 %0202,) - 1T
(1 a9, + X, X024 %6 + %) Xoxyxy + xyxp0ax) - 12 242k
st arct
AT A3ke o 2ok
S= Grpagngg + 21 25252, + %1 X5%06 + 21505 35) - X

+ (o) XXX + X, Xpyxy + X257 25 + xyxax3xy) - 1

+ (ot gy + %, Xo% g + Xy XXy + Xy Xp4%E) * X

+ (o) 2ox %5 + X, Xp2gy + x12002 025 + 2 xpx30,) - 1

kA, MTGAGAM Adsle MSPe Fdel:s e
EPSE Z &3zt 29 59 Zo| 19 2923 4719
THoR FAHE Yo FAY Hz Yo AN
1=

x!

18 5 NETLAY 3% 4733299 72
Fig 5 Structure of Three Layer Neural
Network for NETLA

B 4 249309 71319} QAN
Table 4 Weight Value and Threshold Value in
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