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A Layer-by-Layer Learning Algorithm using Correlation
Coefficient for Multilayer Perceptrons
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Abstract

Ergezinger's method, one of the layer-by-layer algorithms used for multilyer perceptrons, consists of an
output node and can make premature saturations in the output’s weight because of using linear least squared
method in the output layer. These saturations are obstacles to learning time and covergence. Therefore, this
paper expands Ergezinger’'s method to be able to use an output vector instead of an output node and introduces
a learning rate to improve learning time and convergence. The learning rate is a variable rate that reflects the
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correlation coefficient between new weight and previous weight while updating hidden’s weight. To compare the

proposed method with Ergezinger’s method, we tested iris recognition and nonlinear approximation. It was found

that the proposed method showed better results than Ergezinger’s method in learning convergence. In the CPU

time considering correlation coefficient computation, the proposed method saved about 352 time than the

previous method.

» Keyword : Multilayer perceptrons, Layer-by-layer learning, Least squared method, Correlation coefficient

. M B

A EE(MultiLayer Perceptrons)®] 35 iy
Fo= go| AEe 279M3HError Back Propagation)
SFe 7Aoo 9t e 1A} RS o] 83 HF st
WHE AR Wil 7 57t =i S Algte]
A @l AUHl2l ol 9Hs hash] sl g
B 24, muld 3 7L 249359 A8 2A F o
e AgtE o] SEH3456].

L2 3] 13F WE A Blofu 23} PSS o] &3
WHo2E  Gauss-Newton HPH[7],  Levernberg-Marqu
ardt HHHI89], Quasi-Newton W[7], Conjugate Gra
dient WHR0,11] SOl Utk o] 23 ‘3]"?'—% olg3l= W

£ Hessian dHo|y} Jacobian BFH-S Aol sEAY,
A¥ Aol A AAas g dar °ﬂ TFasfor i

[e]

?‘SJ_—H

HI1% oA 3] 27 Bl A A el AR A
15} 44 3700 o] BASAR, ol 5 P I &

s

T WollME F9y) SR mada 4R Joii0].
MLP(Multilayer Perceptrons)®] I TS 3k HiRlo

A= slgo] QltHe1213] A= skre o3 3

T2 HWA FYFE ol 24939 23t FqE Al A9

S O 29 5S SEdith 2939 oA E Al Ast

= e oy 77} ok B =72 Ergezingerl6,12]

=

o

7h A ASE SkelN ERBe) S P sl
3, 295 8% 5 B S R0 AR A0S

Ergezmger«] ATE g EHTS HAAEH(Least

Square Method)[6]2.2 hsalty, 2Y=S

')1:‘; TN oz Agojeed], A A g2 29SS

e 1A} ARSlSE MLPel gk @4} gprolw
Y59 23t wliS whedgh o g s o]

A 5 HFE) penalty Folgtar FEtk il

gl MLPollX £493¢] 7153 Wl gk 28359 W

Ht rfo mﬁ

a2 l‘l°

o2t
o
e}

9 ”335}7} =] 0])61' L2AE FAaA7IA] Eshd
Z3fete] AEgste 3
Holt},

Ergezinger7} A<t 5‘} AFE sk5e 2F oSS 93 &
VYPFOE FEFY] =TVt VIR FAH 0] Ut A 2
=wollMe o 719 %E—ﬁ‘ =8 7 g A g g
Y39 7t WAA, s %V‘
3R ATE o]%.—a—}oq S SEE A4} gt g
= ’bL—T—‘E 71& 24939 7RI A= AR 7FEA] Aol
9 5 ARgE, 719 WglE haAde s A8

¥

o

o

=

o

Ko

M

E

o r[o
_‘

Aere WP Ergezingerd) Wl tidh wus
iris FAl14]<}+ ‘:‘Vﬂa ZAE EA51E EH"]‘_E A3
Sk Ag A=, At 3 Algeol gt

o7, Ergezinger®|
3 S FH o Al 3ok agjar 33l A

AAE Uehlv, 43014 288 R=th

1. Ergezingere| A&

=olA] AR MLPA FZE I 13 o] eYZo]
Ul MLPolH, &Y% (719] Alamel= g
3 EEEe 4 P48 ATk AHeE 17 Y
o5 2




O 1. CIEHNERS| =
Fig. 1. Structure of MultiLayer Perceptrons
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