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Abstract

A modified learning rule is introduced for the implementation of feedforward artificial
neural networks with on-chip learning circuitry using standard analog CMOS technology.
Learning rule, is modified from the EBP(Error Back Propagation) rule which is one of the
well-known learning rules for the feedforward artificial neural nets(FANNs). The employed
MEBP (Modified EBP) rule iz well - suited for the hardware implementation of FANNs with
on—chip learning rule. As a synapse circuit. a four - quadrant vector - product linear multi-
plier is employed, 'whose input/output signals are given with voltage units. Two 2¥2x1]
FANNs are implemented with the learning circuitry. The implemented FANN circuits have
been simulated with learning test patterns using the PSPICE circuit simulator and their
results show correct learning functions.

I.ME

[

akwElE-S Adsled 7)) viAE HFE] AL ollA
Az A HZFANNS)S e A7xbgel] os)  meadiel ofa) el ojefd txesefel of@
tlokgk ANNs 298 7B 22E goji} sh=ge] F& upne olw EAE AA §]iﬂ-0“§_—‘?—ﬂ che

o olal FaEe|RA|F glr} AEEYeld og P A7y mdoln} vhE ¢ A (learning rule)&
ub e wE Al A s)mube] Fas) 7)ol 248 AR o alE et sle o% R skuelieg
- o e Row) AellA vHEe Ry A s S gl -
Y EER, BRI HIBETH TR o & §%X (flexibility) & Alg3tc}. shx|ut, 414
(Dept. of Control and Inst. Eng.. Hanyang sl2np mdle) sk skwe| el v wAL x3ts)
Univ.) = A5 Al4E AlZHcomputation time)e] g ol

B A 19952 1TH, FAKEA 199692 150 Agdehs shdg zhecl

(612)



1996 4

oleldt HHES Fhdllolol| o3k wlel o4
SAseld 4 alch &, s ol FEL tholt

47 Z2AA(dynamic continuous processing)

of i wh 2 AN HE3 ATE P Ak
A7 slzatel stede] TR QoA Ay Foe
e A¥A(synapse) 9] 8ol glrh Al¥ae wE

A3 F4171(linear multiplier) & o]43te] F¥|=
dl, AR B AE ) olofel & olfine glon,
Ad27E ¥4 3 (nonlinear)el A4 3lz29 2] AH$-
AE zeddE A A8l(Gradient system) A&
EEle) A ARE qkAEl) (stable) Ze] +&HH
o Fsoigle! !

olefgh 4174 slmrbe] st=del 74 AL = s
areaof & Ak A ool A e Ee vEA|
(learning weights)& A <bell &2 xgagjuts 3
= 22 A <ol % 4 A4 H=2(on-chip
learning circuitry) & £AI7|zf = Zlo| o},

opdR 1 3 RE o] &% A e A WhHE

< Alon-chip) 35 32E 3 el WA A7) A
o wi§ Fvl=d 7& ubf o shelet 2 olf+=
22 dgr AE ARgEle] SEA7lEE dlelel of
S8he Aa 7HEA] glol deldAlebz, FFE M
Axkel A2 7] (synapse  weight)$h & 3
(on-chip) ¥ 3| 2F AF 83le] dofal A VHs
27} AdH == Aol BAaE 4 qly] wielch wabd,
st g8 7EEAE Aol 8Ee] A o, 2NLE &
A& BEsHE slo] vl ofgdA ®lvh =, e A
dofal shHEAE BE il AEe] A B 7
8% ol R¥l A (fault)gle]l FXRMR= 7Hdst
oAl deARA s}, stedoidellMs M E 2dy vt

.

B EAS s sk e ST A (fault) o2
U3t %)9(3]'7‘] We i AER 79 FR 9

g 71Ea) ko) AR} olaigk AL HFElel 2
o] 2 A 7153 stegdlelel W8-(mapping) 3t
7] o7z, of7jellA ] 2 FolFe] HIHH S )7

ol 7l 417 Fad Exbe] o] oA & 4
= gjcf
B =Rl FANN(Feedforward Artificial

Neural Network)-8 #Z-rdol| Ayt g darel
ol e=AE eae9x1d (MEBP - Modified Error
Back Propagation) 35 ##& 27hska'' opgd

1 4485 ] YA 3 sk A3 FA71E A

3B EFTReFX

B B3 4% BR O3RN 187

2 8 2172 Ageled s 1% WA FANNS
F¥sk, PSPICE AlEdloldg Eale] ool 4t
e slagn

M

II. FANN & F8g 9% +3=
XA (MEBP) &t& %

21733 za 3 FEE S M S d7abe|
shtz &< 3 (Learning Rule) 329 73& 3%
S 4 gjth B ARAE opdE CMOS 71ee
o438l E576e AR FANN(Feedforward
Artificial Neural Network)3 F3& $lsje] o4
AAsHEBP) shgale MR AR e
(MEBP) 828 27hget

FANNellA2] 7} 5782] &8 9322 o533 o]
B

o= SOE, o vt 8) (1)

of7lella  yx= A Z(present layer) el jHA
T2 48y IS (previous layer)®] i
wEogvele] g v A
layer) W&} jHi# 789] ql¥hE Adshs A
752 (synapse weight)&. 4+ 3 Z(present

Wyt =(present

layer)i  paA &2l £%  7FEA(threshold
weight) 8, S AR ol= §4(sigmoid func-
tion) &, & E(previous layer)®| &3 RA,E 2
kiz=g

s Tt el e F @
RE chgat 2] elaky e},

LA (EBP)

(error function)+

E-E,
=5 2 v 2)

ol7lefl4] 2% sHel(target pattern) 7+ Fol%
< d. vy, F835(output layer) 9 jHA A &

2 vlERE, e 2% slel(desired tar-
get)el, n& & H&E(output layer)d & $E&,
= 5 e Mal(index)-& &M} o] o gle
o Az A wol N AR 2kl
(MEBP) 35 72 ot o] alsict' !

°
Yoi

613



188 o 1%e WA

>

. a5, . . IE
= =0 G )t — = 1 Z ey ve =y (3)

A7) ue Alamele 4 50 lFHelw, 4y T

= 714 Akl 98l RS = ol 9 3R grolr)
Al (3)dlA Bl 72 j7F £593(output layer)ioll
EA gt

ey =t~ Yy (4)
vt 72 j7} $7t(hidden layer)el <3l ot
o,

ey = Zk: Cm Wy

A7l o= B4 HEAE SlelRich,
4 (3) - (5)& oA Helsh okt Be Ale AL

+ ok
A 72 k7F 8 3(output layer)oll giohd,
Wi = 72 (b — Vo) Yo ~ s Wi (6)
olY, W& j7} $7H(hidden layer)oll gictd,
w; =02 wa T (e = ke =ty (7
A7l A (6)eF (e 2HUANES sk 7

(gradient-type update law)o] ©}. 4] (6)2} (7)ol
A w7k 0l A (6) 9k (7)) &y 1A Al (2)2)
2.5 F<(error function)?} #HistE|A] Fabakch
A, pw AA B 2ol 2] A 2afel] ofs A

= " 2R o R ExfEA| wHu, oleldt =g 2}
& ue 5 A A B9 (19 A (stability)
ol ZlofsiA =v, A (3)& o1& Hogw 4] (2)9
25 <r(error function)d FHissh= s 13
o AbgE £ gleg wojer!!l

I

. 57158 Es

3¢t FANN 3|2

AdA AR A" A9 g SgAE ol
& 2709) 3%H(3-layer) FANN 3l2 & i)'
' 3% FANNe|zt <sl¥Z(input layer). 7%
(hidden layer), £3% (output layer) ztzt & 7Y
4L 7131 FANNS- 9w]3h},

1. 357158 WA FANN 312 1
AR 1238 2x2%x 1 FANN 3z 18 104

A gz shedel 7¥

#HA A

HelFar gledl, 2x2x 1013 Y3 (input layer)
of 2709 728§, F43(hidden layer)ell 2782} ¥
28 E¥Z(output layer)el ¥ 7Ho| F&L 7l
7& o|w|gh},

*y

a8 1. 958 e 328 Y FANN 32
#1

Fig. 1. The Feedforward ANN with the se-
quential learning circuit #1.
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a8 19 gy 326l gk tloluie] sy (dynamic
update) ¥PIAS AR ohg 3 )

RC wy =k [(t,— 3,) yu | — wy (11D
RC wyy =k [(t,~ ¥,) yp | — wy (12)
RC wy =k wy L= ¥)xm | — wn (13)
RC wy =k wi L6~ y)xp]l — wyp (14
RC o =k wi [~ vy | = wy (15)
RC wy =k wip 1{t,~ y)xg) — wy (16)
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YEAE AAslE ARAEE oulgel A (8)~
Q03 AD~016)= A (1), (33 2 Bele o
= qlrh.
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WSA7IE B2E PR 2x2x] 3 2e|w 13 2]

A woiFa Qe 41,

*a

]

a3 2. d43 s 3EE AR FANN 32
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Fig. 2. The Feedforward ANN with the se-
quential learning circuit #2.
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& A
(Xp. 2.8 = {0,
g+ PSPICE

2ol i3t E-% H¥i(target pattern)S
o2 sk 47h9) &Y dE,
0,0).(0,1,1),(1,0,1)(1,1,0) ,°l
Al geloldE Sasigict

Eed 1. 28 19 FANN 329 st =l
gk PSPICE =9 A3 Ast
Table 1. PSPICE simulation results of

FANN circuitry in Fig. 1.
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Table 2. PSPICE simulation results of
FANN circuitry in Fig. 2.
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Table 3. PSPICE DC analysis using the converged synapse weights in Table 2.
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