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A Learning Method for the Layerd Neural Networks
Based on the Multi-stage Learning
and a Dynamic Adjustment of Learning Coefficient
by Errors for Using Oscillatory Effect

Isao TAGUCHI

This paper proposes an efficient learning method for the
layered neural networks based on the selection of training
data and input characteristics of an output layer unit. The
multilayer neural network is widely used due to its simple
structure. When learning objects are complicated, the
problems, such as unsuccessful learning or a significant time
required in learning, remain unsolved. The aims of this paper are
to suggest solutions of these problems and to reduce the total
learning time.

Focusing on the input data during the learning stage, we
under-took an experiment to identify the data that makes
large errors and interferes with the learning process. Our
method devides the learning process into several stages.

In general, input characteristics to an output layer unit
show os-cillation during learning process for complicated
problems. Compu-tational experiments suggest that the pro-
posed method has the ca-pability of higher learning perfor-
mance and needs less learning time compared with the
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conventional method.
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# 1 Learning Functions

(a) Schwefels Function
flx y) = *xsin\/\x | *ysin\/\y \
(=15.0 <x<15.0, —15.0 <y < 15.0)
(=20.04 < f(x y) £20.04)
(b) Rastrigin Function
S (% ) =x2—10cos (2mx) — y2— 10cos (27y)
(-08<x<08, —0.8<y<0.8)
(=200 < f(x y) <20.5)
(c) Ridge Function
fx y) =2x2+ 2xy2 + 2
(-6.0<x<6.0, —6.0 <y<6.0)
(0.0 < f(x, y) <180.0)
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1 An example of characteristics of the target function
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7 2 The Method of Learning (Schwefles Function)

Structure Learning data Initial weight vector is modified 5 times.
2 input layer units. 9 middle layer units.
1 output layer unit.
Updating a weight vector should be done every 1 epoch.
Learning domains are —15.0 < x<15.0,—15.0 <y <15.0.
Learning data is conditioned equally as
the reference tablel (a) .
All the domain is divided into 11 X 11 grid.
All the learning data (D) is divided into 3 parts
before learning.
0<D'<1, D'ED (D'=f(x, y); i=1, ..., 121)
1st step Dj=1f(x, 3| | filx, 3) | 2 1.67 or
\ﬁ(xy, yl) | >1.67} (44 learning data)
ID{UD}| =2 (2 overlapped)
42 learning data are selected. (34.7%)
2nd step D;= 1f(xl, yl) | \fx(m, y;) [>1.22 or
|/ (xi, 30| 2 1.22} (21 learning data)
[D?UD;| =8 (8 overlapped)
80 learning data are selected. (about 66%)

3rd step 121 learning data are selected. (100%)
Each step Every step are learned for 2,334 times.
Conventional method Learn 7,000 times with all the learning data and learning

coefficient 0.8. Initial weight vector is modified 5 times.
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# 3 The Method of Learning (Ridge Function)

Structure Learning data Initial weight vector is modified 5 times.
2 input layer units. 9 middle layer units.
1 output layer unit.
Updating a weight vector should be done every 1 epoch.
Learning domains are —6.0 <x<6.0,—6.0 <y <6.0.
Learning data is conditioned equally as
the reference tablel (c).
All the domain is divided into 11 X 11 grid.
All the learning data (D) is divided into $ parts
before learning.
0<D'<1,D'ED (D'=f(x, y); i=1, ..., 121)
1st step Dj=1f(x, 3) | | flx, 3) | 2 1.67 or
\ﬁ(m, y;) | >20.0f (38 learning data)
[D{UD}| =6 (6 overlapped)
32 learning data are selected. (26.4%)
2nd step D;=1f(x, 3| | filx, 3) | 216.0 or
[ /i (i, y) | > 16.0f (70 learning data)
[D?UD;| =20 (20 overlapped)
50 learning data are selected. (about 41.3%)

3rd step 121 learning data are selected. (100%)
Each step Every step are learned for 2,334 times.
Conventional method Learn 7,000 times with all the learning data and learning

coefficient 0.8. Initial weight vector is modified 5 times.
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T 72, Bax OTFERD 5. QPROP K 2 HALHIHIRE 1 =
0.005. R KZA b= 0.95. B4R 1y = 0.80. EADBIEH I L - T\
R 2, = 0.12 CCH#TIE, 00 LTH5) = PE L. RPROP KT
LTh. Amax =50, Amin=0.0025, n*=097 CCWTEILUL) ., n =
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F1(0) 1T LT, REFESB L OHMT QPROP #:%° RPROP #: % v
7e¥iE. & 512, QPROP X RPROP IR T2 MAMAA L ED

#* 4 RMSE for Proposed Methods and Traditional Methods
in Learning of the Ridge Function

Proposed method RMSE
Mean Maximum Minimum Mean Weight
value value value
0.107 0.235 0.038 0.117
Learning time Mean 6 minutes 59 seconds
Proposed method + RMSE
QPROP method Mean Maximum Minimum Mean Weight
value value value
0.058 0.113 0.024 0.038
Learning time Mean 7 minutes 10 seconds
QPROP method RMSE
Mean Maximum Minimum Mean Weight
value value value
0.172 0.241 0.108 0.129
Learning time Mean 10 minutes 24 seconds
RPROP method RMSE
Mean Maximum Minimum Mean Weight
value value value
0.050 0.080 0.023 0.050
Learning time Mean 13 minutes 52 seconds
Proposed method+ | RMSE
RPROP method Mean Maximum Minimum Mean Weight
value value value
0.038 0.051 0.030 0.040
Learning time Mean 7 minutes 38 seconds
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FKAIRT X912, Ridge BE D% ¥ Tk, RPROP 5 X U8 QPROP
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E 51T, #51%. Schwefels Iz v, REFEB L ORETF L
QPROP 2 MlARA TG DGR Z RS TOYHE S RKAFIS, RMSE
(Mean) HASHBRE JBE L COr R S, SR b % 4 R EEW A L 720

F 72, #1(b) D Rastrigin BIEIIK LT, REFHELIEREZ W, 7
BRBEAIIH$ 5B 5% RMSE. KR¥EH 7 — 5 12k$ % RMSE
(Non-Learning RMSE)» 8 X O, EARMOIRD) % ZE L 72 EARHOMH
12 & % RMSE (Mean Weight RMSE value) D&%, ZhEN, FK6BLUE
TICFR L7720 £6BIURTIZBWT, REERCIRBI2VE L T2
1213, Non-Learning RMSE DA O & i &, HRB)7A57% < BRI O
Hlid, BHE L7z EREICBWTH, 7,000 MO IS LT, Kk
? 2,334 OB PIRBIAFEA L T B HE121d, FEkIC, OF1E i,
WA 7% < HAFFE O G113, 22 E L,

# 5 RMSE for Proposed Methods and Traditional Methods
in Learning of the Schwefels Function

Proposed method RMSE
Mean Maximum Minimum Mean Weight
value value value
0.093 0.113 0.073 0.071
Learning time Mean 6 minutes 28 seconds
Proposed method + | RMSE
QPROP method Mean Maximum Minimum Mean Weight
value value value
0.088 0.092 0.081 0.058
Learning time Mean 6 minutes 35 seconds
RPROP method RMSE
Mean Maximum Minimum Mean Weight
value value value
0.090 0.192 0.041 0.058
Learning time Mean 10 minutes 29 seconds

SBREEE L BRI LR BRI CRBMREFA L2 2= v Ay b= O—2BERE 43



#£ 6 RMSE for Proposed Methods in Learning
of the Rastrign Function

Proposed method RMSE

Learning time Mean 15 minutes 56 seconds

Learning coefficient | Mean Weight RMSE Non-Learning

RMSE value value value
0.9 0.046 0.050 0.049 O
0.8 0.044 0.126 0.069 O
0.7 0.038 0.037 0.030 O
0.6 0.027 0.027 0.028 O
0.5 0.028 0.026 0.030 O
0.4 0.034 0.039 0.047 O
0.3 0.066 0.081 0.066 O
0.2 0.097 0.096 0.092 @)
0.1 0.115 0.138 0.105 O
0.05 0.135 0.135 0.125
# 7 RMSE for Traditional Methods in Learning
of the Rastrign Function

Traditional method RMSE

Learning time Mean 28 minutes 17 seconds

Learning coefficient | Mean Weight RMSE Non-Learning

RMSE value value value

0.9 0.618 0.618 0.627
0.8 0.202 0.233 0.278 O
0.6 0.228 0.185 0.180 O
0.5 0.179 0.199 0.243 O
0.4 0.161 0.183 0.246 O
0.3 0.162 0.162 0.163 O
0.2 0.045 0.045 0.047 O
0.1 0.025 0.025 0.025 O
0.05 0.035 0.035 0.034 O
0.04 0.053 0.053 0.053 O
0.02 0.112 0.112 0.099

FO6D L), WEFEEE (D) O Rastrigin IBUSEAT 5 &, 8
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# 8 RMSE for Traditional Methods in Learning
of the Rastrign Function

Traditional method RMSE

Learning coefficient | Mean Weight RMSE Non-Learning

in the final stage RMSE value value value
0.05 0.050 0.050 0.051 @)
0.04 0.053 0.053 0.053 O
0.035 0.056 0.056 0.056 O
0.032 0.057 0.057 0.058
0.030 0.059 0.059 0.059
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YA Iid. RMSEfIZ, 01T E 2D, 512, 0.02 F TR S 8728
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RMSEfEIX. 0.051 & 7%, FEHHRK230.04 TEORFE KL THA L
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TR R SITERT B,
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2 Input characteristics for the traditional methods
in the output layer
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3 Input characteristics for the traditional methods
in the output layer (0.035)
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4 Input characteristics for the traditional methods
in the output layer (0.05)
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5 Input characteristics for the traditional methods
in the output layer (0.032)
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6 Input characteristics for the traditional methods
in the output layer (0.03)

-02 : ‘ ‘ ‘
0 500 1000 1500 2000 2500
epocks

% RPROP IR ETH: 2 MlARA YA O OVERE & GHARE B X
OB BT DIRE D LI OV TEET 5,

QPROP X RPROP A ICIREF A M ARAA LI5S
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