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Kbstract - The multilayer expanson of single layer NN (Neural Network) was needed to solve
the linear seperability problem as shown by the classic example using the XOR function. The
EBP (Error Back Propagation) learning rule is often used in multilayer Neural Networks, but it
is not without its faults: 1) D. Rimmelhart expanded the Delta Rule but there is a problem in
obtaining C, from the linear combination of the Weight matrix N between the hidden layer and

the output layer and H, wich is the result of another linear combination between the input
pattern and the Weight matrix M between the input layer and the hidden layer. 2) Even if using
the difference between C, and D, to adjust the values of the Weight matrix N between the

hidden layer and the output layer may be valid is correct, but using the same value to adjust the
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Weight matrix M between the input layer and the hidden layer is wrong.

Recognitron 1II was proposed to solve these faults. According to simulation results, since
Recognitron Il does not learn the three layer NN itself, but divides it into several single layer
NNs and learns these with learning patterns, the leamning time is 32.5 to 72.2 time faster than
EBP NN one. The number of patterns learned in a EBP NN with n input and output cells and

n+1 hidden cells are 27, but n in Recognitron III of the same size.[5] In the case of pattern
generalization, however, EBP NN is less than Recognitron 1II.
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Appendix a : Transfer Functione| Z{8 &
1. Hard Limit Function

F(z)=0, if z< Threshold
F(z)=z, if 2> =Threshold

2. Sigmoid Function
F(z2)=1/1+¢7%)

3. Hyperbolic Tangent Function
F(Z)=(eF—~e e+ e7)

Appendix b: =E} 7F% (Delta Rule)-& o &3
g oxbA Al 3w A {Single Layer
Neural Network) 2] ¢ks7t 2

[1‘;_/_’: o 1]]
1. Random#t& 7} Weight W& i7] s}
2. €95 (Acceptor) 2] ] Weighted
Sum-g e},

(z,:;n* wy j=1002, 3

A B A
3. Weighted Sum,& Transfer Functiong %3} 4]
74 Cais& 8ok,

. Transfer Function 2

7+ e a; 4

Hard Limit Function,

232

Trans. KIEE, Vol. 40. No. 2, FEB. 1991

Sigmoid Fuction
4, %8 o 49 Error e,& F39u},

cei=ai— Ca;
5. utek Error ¢;¢] €3+ Threshold ¥k =
o i

O}LIQ! -8l el A4 Weight w,0d 1Al
= Wi+ ('/ * ek a;

; cl—() 9(&k5n])

2, 27bM wh4jgbet, =1, 2, 3

Appendix ¢ : = e} 5 # (Extended
Delta Rule) & ©]-£g c} t}A
¥ EBP(Error Back Propagation Multi-Layer
Neural Network) o] & 457F2

&

A7 stz 7

[absr 73]

7k F(Weighted Sum;,i = Ca,;* {1-- Ca,)
F'(Weighted Sum;)-2 Sigmoid Function Fo] o]
£ grolc},
F(Weighted Sumy;) =1/(1+ ¢~ Weishted sums)

1. Random#z}& 71= 3. Weight M»} NE =713}
2. &7 45-(Acceptor)o| 7t 78l gol A=
Weighted Sum 2 78},

. Weighted S, = %](F (; 7% M) % Nj;)

3. Weighted Sum. <
A Cacg TR,
; Transfer Function& Sigmoid Function.
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5. utek eo] sk Thresholdgtyct zlowl #
iAo
6. ofifml f-vii-of
FA e,
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o} kAl A7 slZul #4456 (Multi-Layer Neural
Network) : Recognitron [ ¢ %< 3

[ehar )]

714 . Transfer Function& Hyperbolic Tangent
Functione| sz, =2 3+& [~1, 1]AFo] gro|c},
g 29 diw el (-1, 1)eldh
1. Weight M3 N& Randomzte® =273 <
7,
(4 =AD
2. Delta Ruleg o] &&l4 24%o 7t prd F
Eig

; hr,:F(;r,-* M)
3. 2N B hi=(hrit ha) /2% T3
4, Error er,/& F3,

v ery=h;— hr;
5. er;7} Threshold® o} ztemd w3, ol 6
o
6. FHEF-o} 2R Alo]o] Weight M-S 33
t},

s M= M+ (r;* M;/A 5 Error Weight Space)
* er;

. A A Error Weight Space= std * sgn— 7, % M,
, std=11.25129(Sigmoid Function®] Hjzto g
olict =zl g4k 1)
sgn=+1, if er;=0
sgn=—1, if er,<0
(5 <A
2. Patrial Pivoting-& o] €3t Gauss-Jordan® o g
2359 % hars TE

;=280 e Arc Hyperbolic tangent Func-
tionel] & hA]# A
2a; % -+ %31, Partial Pivoting -&
Gauss-Jordan# ol 2} 3},
Weighted Sum .2 3%},

o] &%

et FAF ol CiEtA ANF HEY HHE : Recognitron [

; Weighted Sum.=Xza:*% N

; Weighted Sum,5 Transfer Functiono| %34
A hag: 2+

; ha;=F (Weighted Sum;)

3. 29Xy & hi=(hrit ha))/2E T3

4, Error eq,5 T3

v eai=hi— ha;

5. ea;7} Threshold®.c} atew] B w, oflw] §
o7,

6. 2%t EHY Aojo) Weight N& 443
c},

s N si=N;i+(a;*N;/ A 5 Error Weight Space) *
ea;

» A4 Error Weight Space= std * sgn— a; % Ny,
std =11.25129(Sigmoid Functiong] & jzto 2 ol
Brh 29 g4 1)
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sgn=—1, if ea;<0
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