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Abstract

In this paper we propose a design of a digital neuron processor using the residue
number system for efficient matrix - vector multiplication involved in neural processing.
Since the residue number system needs no carry propagation for modulus operations, the
neuron processor can perform multiplication considerably fast. we also propose a high speed
algorithm for computing the sigmoid function using the specially designed look-up table.
Our method can be implemented area-effectively using the current technology of digital
VLSI and simulation results positively demonstrate the feasibility of our method. The
proposed method would expected to adopt for application field of digital neural network,
because it could be realized to currently developed digital VLSI technology.

2]

]

nl

. ME

ik

el of

)
L

69

Fote] WAl o2 Wb, QF Al
g o= 194393 WA 2 (McCulloch)

3
tAlg el eere] 7lee 2047) b 571 A2 (Pitts) 7F AR HA FE mle]F A9

500dol g fRldl & A= ek MY ey

YIEEH, BHPEEAEML B AT R A7 Tl vled S AR HHEHY

N

{(Dept. of Computer Science,, Chungju

] Al w2 oglgln, uebd izke] ARy

Tech, Nat’'l Univ.) 2] =48 Al & glen 359 "é 1S AEE
A, BERAHE E U 5 ol A3 2ol gl o-pel ZHE BAE 1%
(Dept. of Klec. Eng., Kyunghee Univ.) o)A Flgir} AlA 3 2wlhel]l it Ay o} %M

e H T 1 19935 411 271 990 WAe vgel geh HE Qo) 24 A%

(1013



70 oJois AAE ol4% TINE FE ZRAH A

el Helgl g1 Al ale], ddakziz] okl
FEAes 4ET glon oz de] g A
L% 7dRc,

71E9 gAg ] Teae grae MAC
{Multiplier with ACcumulator) 14HA] 72} x =}
2 A% & AAF Aaxe|s 4o dabs|ze
TE7F AR = EAFe] QlejA o1& MM A
7b 83}, aeinz B =FodiMe oA
o] 4-3lod ;o] MAC A4l Alamel= adskg
Bl A4 2E AASIL o] F o)l&sled Q1
7 BEg redis v4e g AYRE F UdE K
£ Z2AME A o] dFelMdE dee gl
Hap AALE e dd = 22 sl
o2 dAFa o] & HHE Algsh= Aol 28] of
A7 3 2a-g A" E st MACaAAL o)
A AREFo g wEedite] sl E sl
o A1RolE o] g e FLoE B
&3, AT s oA HA sk 223165
B Eted dabzie] AAFoZH dikme] =77t A
o} A =% AA ek @ W

> 4

I. 4 329 2y

Id L2 RY 29Es Ze o3 A sz
o 2yS e ginh
=9 9=
k
§

Y A=

a3 L oE A 2y

Fig. 1. Multi-layer neural network model.
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Table 1. The representation-of residue digits
from -4 to 32.
Residue digits Residue digits
Integer modul i Integer modul i

2 3 5 2 3 5
-4 0 2 1 19 1 0 0
-3 1 0 2 16 0 1 1
-2 0 1 3 17 1 2 2
-1 1 2 4 18 0 0 3
0 0 0 0 19 11 4
1 111 20 0 2 0
2 0 2 2 21 1 0 1
3 1 0 3 22 01 2
4 001 4 23 1 2 3
5 1 2 0 24 0 0 4
6 0 0 1 25 1 1 0
7 11 2 26 0 2 1
8 0 2 3 27 1o 2
9 1 0 4 28 0 1 3
10 01 0 29 12 4
1 12 1 30 0 0 0
12 0 0 2 31 1ol
13 113 32 0 2 2
14 0 2 4
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