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0 OM (1) < sig™! (d™) < O (1) (46)
gdodooooooooooooobotoogboooogobooouooouoog
DDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDsig‘I(o(I’))D
sig_l(d(p))DDD(DDDDDDDDDDDDDDDDDDDDDDDDDDDDD
DDDDDDDDDDDDDDDDDDDDDDDDD)DDDDDDDDDDDD
DDDD(46)DDDDDDDDDDDDDDDDDDDDDDDDDDDDDDD
doodoodoodooooooobogboogooooooognogooooag

gbgobobbobooboobgooboobobboboobd

7. 000000 (0D 43)00000O0O0O0OOOOODODOOOOOODODOOOOOOO
ooboobooboooobooooboobo RMSEOUODODOOODDODOOOODO
OooobooooooooooobooboooOooooobob0 RMSEOODOODOOOO
gbobbobobobobooooobobobbobuoboooobobobobo
good

gobboboooobobbooooobobboooobobobboooobboboooobobo
gobbboogbobboooobobuooobobbooooboboooobbobao
gododooooooobobobobbobbobbbbbbbbbbbbbbbbbbobobo
gobbboogbbbuoooobobbuooobobboooobboboooobbobao
gobobooooboobood
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3.5 000 QPROPUO
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O0000QPROPODOOODOODOODOO QPROPOODODOODOODOO

e OO ODOOO0ODOOLDOODODOODODOODLODLDOOIODODOODLOO1D
b0 sgbbobbobboboobo200d0budgbaloooooboooon
gobbbooooobobbobbbooobobbooo

gboboboobobobooobobobobobooboooboobbobobo
gooobooboobo
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000000000000 A0.0050000)0000000
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goboboooobbodad

Os00000000DOO0DO0OO0ODOO0OO0ODO0O0ER+100DO0ODODO
gbobobobobooboooooboobobobb kObOobOobOobOobOobo
gobooog

Oktr+100000000DO00O00O0OODO0ODO0ODODOOOOIODODO0ODODO
oo

gobboboogz20bbbooodobbbooooooooboobbooo20b0b0
gobblgoobbbooobbboooobbbuoooobobodao

sgbbobougoobbooooobobooooboon

3.6 OO0 RPROPU

OO0 RPROPOODODOOO QPROPOOOOOODOOOODOOOODOOODOO
gobboboooobbooooboboooobbooooboboboooobboboo
0000 RPROPOCOOODOOOODDO RPROPOOOOOOOOOQPROPOOOOO
gobbbuooobobbboooobbobbooogbon
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RPROPOOOODOOODOOOODOOOODOODOODOODODODOOODOOD
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gbogboboobooboboobuogaoboboobuooboboboobago
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m>00000000000000000000000000m<00000000
0000000000000000000m=00000000000000 000
00000000000000000000 Ayk) 000 AW,(k)000 k+10
000000000000000000000000

Otf+100000000000O0DO0ODOODODDOODOOIDO0ODOODO
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gobblogoboboboooobboboooobbobooooboon
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4 O0000O0OO0oOoooooooon

4.1 0OO0O00OO0O0OO0OOOOOOLOOOOO

0000000000000 000000000000oo0oooooooooooog
0000000000000000000000000000000000000000
000000000000 0000000000000000o0ooooooooooon
0000000000000000000000000000000000000000
00000 D, ((33))00 (44)00000000000000000000000000
00000000000000000o

000000000000000 (47)0000000000000000000000
0000000000000000000000000000000000 9090700 g
000000000 s000.

fx,y)

O 5 f(x,y) = exp (—2? — y?) cos (27z) cos (2my).

O f(z,y) = exp (—a? — y*) cos (2mx) cos (27y) (47)
000 —1.0<2<1.00-1.0<y <1.0)
(—1.0 < f(z,y) < 1.00

000000000000 000000NNOOOODODOD ®)0D0o0oooooooo
gobbbuoooobbbooobobbbooooboboan
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0 floy) = sin(mx) co;(wy) +1

000 —1.0<z2<1.00-1.0<y <1.0)
(0.0 < f(z,y) < 1.00

4.1.1 00000

0700000000000 -10<z,y<1.0000000000000000COO
goooboobdobooobob b,gboooobooboboobobdg -05< 2,y <05
gbobodobobgobob -05<yr,y<0500000000O000O00O0O0O0O0DOO
U00OzyUOOoOoooooo10b0O0O0OO0OO 1Ix 11000DODODODODODODOD 121
0000000000000 00 DO00O0OO (1) 0000000oooooOooOoOoO
gbooboooboboboboo 20x 200000000000000O 4000000000
(47)00 600000 600000000000 DOOODOOOODOOOOODOOODODOO

0800000000000 -10<2,y<1.000000000000zy0000
00002880 000000x0 000 49000)000 0000000000 DO
0000 ®)Ooooor7oooooo

O 6: f(z,y) = exp (—z% — y?) cos (2mx) cos (2my).
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07 f(.f, y) _ sin(mz) c;)s(ﬂ'y)—i-l.

4.1.2 0OO0O0O0O0OOOO

00 (47)0000000000000000000000000000 (4400000
00000000000000000f(z,y)00000000000000000000
0000000000000000000000000000y00000000 f,(z,y)
000 f,(z,y) 000000. 00 (47) 000000000000 /f,(z,y) =00 f,(z,y) =0
00000000000000000000000000000000000000

0000000000 300000 (s=3)00000000000D/uD,000000
30%00000000000D; 000 DA0O fo(e,y)000 f,(z,y) 0000000000
00000000000000000000000D;uD,0000000000000
0020.6%03700000000000000000|f(z,y)>068000000000
1300 |f,(z,y)| >43000000000 2200 |f,(z,y)| >56000000000 40
0000000002000000000000003700000

0200000000000000000000000000000000000000
00000000000000100000000000000000002000000
0000000000000000000|f(z,y)|>200000000000000000
000000000|f(z,y)]>068000000000 1300 D? =D.O3|f,(z,y)| > 2.0
000000000 5800|f,(x,y)|>5600000000040000000000 6
000000000000006900000

03000000 DP’0000000000000000000 1000000000
0297%00 20000000000 57%000003000100%0000000000
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00 48)0 0000000000000 000000OOODODOO 1000000

O 1: The Method of Learning

Initial weight vector is modified 5 times. One output layer unit.
Updating a weight vector should be done every 1 epoch.

Learning domains are —1.0 < x < 1.00

-1.0<y <1.0.

Learning data is conditioned equally as

Learning the reference 13.

data O All the domain is divided into 7x 7 grid.
ooo0o0d All the learning data(D)is divided into 3 parts
before learning.

0<D'<1,D'e D (D'= f(xjy);i=1,---,49)
Dy = {f(zi, y:)| |f (i, y:)| > 0.7}0 11 learning
datal]

1st step Dy = {f(zs, yi)| fo(ai, yi)| > 1.4 or

| fy(zi,y:)| > 1.5 }(6 learning data)

ooooo D, UD}| =101 overlapped[

16 learning data are selected.] about 33%0 O

D¢ = {f(xi,y)| |f (i, y;)| >0.7}0 11 learning datall
0000 | D2 = {f(m )] (o p) >1.2 0r

2nd step | fy(zi,y:)| >1.0 }0 21 learning datall

|D; U D3| =20 2 overlappedD

30 learning data are selected. O about 61%0

3rd step 49 learning data are selected.(100%)

Each step Every step are learned for 20,000 times.
Conventional | Learn 60,000 times with all the learning data and
method learning coefficient 1.0. Initial weight vector is
EEN modified 5 times. O
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0 2: RMSE for Proposed Methods and Traditional Methods (learning data of the func-
tion(47))

RMSE
Proposed Mean Maximum Minimum
method value value
0.052 0.089 0.033
U Learning time | 0 Mean 7 minutes
40 seconds
Proposed method | RMSE
by using «
Inertia coefficient | 0 Mean Maximum Minimum
« value value
a=20.5 0.089 0.129 0.058
a=0.28 0.110 0.186 0.083
Learning time Mean 7 minutes
40 seconds
O RMSE
Conventional Mean Maximum Minimum
method value value
a=20.0 0.146 0.176 0.124
a=0.28 0.382 0.574 0.163
Learning time Mean 12 minutes
40 seconds

gobbobuogsuuuubbobuoooobbbouoooobbiroloooooboobooo
gogoobbboboodabbobbbb 1obbouuooooooobbbbbbbodad
gboboboboggoogbbogoboobooobbooobboobbooooboobo
gobbbdoodgbbbuoooobbbuooobobboooobboboooobbobaon
gooboboogn

00 48)0000000000000000000000000DOO0D00ooOoOoOO
gobbboogoboboboggo4bbsboago

gobbbbooodguoodgosgbbbbbouooobbbbooooobbobn
gbbolggbboobsugbbogoboobobooobooo 1nngbbobg 110
gbogobooboobobbobbooo.coobogn

4.1.5 00001000

gobbbooogobbbuooobobbboodobbbuoooob

googo
0200000000 RMSED O120000000000000DOOOODODOO

(0.089)0000000DOO000DO0OO0200000000D0000000OO0O0O0OO
000000000000000000 @noooooo0oooooooDooUoooo
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0 3: RMSE for Proposed Methods and Traditional Methods (test data of the function(47))

RMSE
Proposed Mean Maximum Minimum
method value value
0.099 0.147 0.069
O Learning time | 0 Mean 7 minutes
40 seconds
Proposed method | RMSFE
by using «
Inertia coefficient | 0 Mean Maximum Minimum
« value value
a=0.5 0.199 0.263 0.145
a=0.8 0.267 0.446 0.132
Learning time Mean 7 minutes
40 seconds
O RMSE
Conventional Mean Maximum Minimum
method value value
a=0.0 0.311 0.376 0.281
a=0.8 0.838 0.348 1.273
Learning time Mean 12 minutes
40 seconds

gobbboooggbobbuoooobobooobobbooooboboooobboboo
OO0 RMSEOODOOOODOOODOOOOOODOOOOOODOOOODOOOOOO

00000000 @noooooooOoO0oooO8uUooooooooooooooO
gboobuooboobooboobuoobooboobooboobooboo9bd
gogoboboobololoboobbouoooobobbbboooooooobboobogo
gbbogooboobbgooboobboobboobooobuoobboobobooonon 2
goboobbodg20d0bobbogoobbobuooonobbogd

00 48)00000000000000DO 40000000000 DOODOODDODOOO
nnooogoobboobobbbobotbuogooosuuooooooobboboobobbooag
08000000 4700000300000 00O0O0O0O0U0DOOOOODODOUbOOoODOO
gooogsuu3dbnbbboougobouoooooobbbbobg8dybbougy
gobbbbdydooobbboooobobbboooobbobobbboo 01oo
gobbboogbobbuoooobbobuooobobbooooboboooobboboo
gobobboooobobooooboboooobbooooboboboooobboboo
gobbbuogboooobbbbouoooobbbuoooobbbooooobboao
gobboboooobobboooobobbooon

gbbuogbbuogbbuoooboooo looobobobooobbooobboobb
g3ggobbobodgoooboobooooobobboooooboobbobooo
0000000000000 O0O0000000o0oooDooooDoDOoOD 4oooooo
gobbbogoobbbooobobbbooooboobooo
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O 4: Learning Time and RMSE (learning data of the function(48))

O RMSE
Proposed Mean Maximum Minimum
Method value value
0.046 0.069 0.028
Learning time | 0 Mean 24minutes
35 seconds
O Conventional | RMSFE
method
Inertia Mean Maximum Minimum
coefficient value value
a=0.0 0.067 0.117 0.041
a=0.5 0.059 0.093 0.035
a=0.8 0.050 0.093 0.034

Learning time | O Mean 39 minutes

56 seconds

goon
00 48) 0000000000000 0O240350000000000000000 62%

0000000000000 4000000000000000000000(3.4)000
D000 67%0000000000000000000000000000000000
000000000000000000000000000000

00 (47)00000000000000020000000060%000000000
0oo

0000000000000000000000000000000000000000
00003000000000000000100000000000002000000
0000000000000 0000000000000000100000000 10
000000000000000000200000000000030000000 20
00000000000 +2)03000001000000000000000003
000000000000000 @7)00005000000000000000000
0000000000000 500000500000000000000000000
100000000000 1000000000000000000000000 1000
0000000000000004=100000000000020000000000
10000000000000000000127000 (1204000 100)000000
000021000 (1204000 3) 000000000

gobbobuogogobobboooobbbboooobbboooooooobon
goobobboooooboboobbooooobobboooooobobobboooooonobon
gboboboboobobobobuooooooooBpObobobOobOobObLO
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0 5: Learning Time and RMSE (test data of the function(48))

Learning domain are —1.0 <z < 1.00 -1.0 <y < 1.0.
All the domain is divided into 20 x 20 grid.
400 test data are selected.

O RMSE
Proposed Mean Maximum Minimum
Method value value
0.067 0.078 0.060
Learning time | [0 Mean 24minutes
35 seconds
O Conventional | RMSE
method
Inertia Mean Maximum Minimum
coefficient value value
a=0.0 0.080 0.126 0.054
a=05 0.077 0.103 0.056
a =038 0.076 0.11% 0.05%
Learning time | O Mean 39 minutes
56 seconds

gboobobboobooboobdooboobobbobboboobooboobo
gboobobobobboboobobobbobooboobooboobo
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O &: Input characteristics for the proposal methods in the output layer.
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O 9: Input characteristics for general method in the output layer (o = 0).
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0 10: Input characteristics for = 0.5 in the output layer.
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4.2 O0O00O0OOO0OOOOLDOOOOOOn

000000000000 “WO0o00000000000000000000000
000000000000000000000000 (26000 (27)((242)000000
000000D0000000000000000000000000000000000
0000 100000000000000000000000

00000000000000000000000000000000 Schwefelsd 00
Rastrigin 0 00 0000Ridge 000 00000000000000000000600
0000000000000000 12~0 140000

[0 6: Learning Functions

(a)Schwefels Function

O f(z,y) = —xsin\/M—ysin\/m

000 —30.0 <z <30.00-30.0 <y <30.0)
(—47.95 < f(z,y) < 47.950

(b) Rastrigin Function

O f(z,y) = 2* — 10cos (2mx) + y* — 10 cos (2my)
000 —08<z<080-08<y<0.38)
(—20.0 < f(z,y) < 20.50

(c¢)Ridge Function

O flz,y) = 22% + 22y + v*

00 (6.0 <z <6.00-6.0<y<6.0)

(0.0 < f(x,y) < 180.0)

fix. y)

T JRE e S

=50 | -l

0O 12: Schwefels function f(x,y) = —xsin,/|z| — ysin/|y|.

O0000D00030000000 SchwefelsODODODDOODODOMOI —512 <2 <512
O0-512 <y <512) 0000 f(r,y) = f(420.968746,420.968746) = 00 0000 O OO

31



0 13: Ridge function f(z,y) = 22* + 2xy + 3>

Fixy) B U N
@ s SN U B
104 + e
i \\m Ve Pl
g , e
10 __,_7?”' v Wt ‘ E“»‘“ :

0 14: Rastrigin function f(z,y) = 2* — 10cos (27x) + y* — 10 cos (27y).

000Rastrign 000000000 —512 <2 <5120-512<y <5.12) 0000
flz,y)=f(0,0)=0000000000000Ridge000000000M —64<x < 64
0-64<y<64) 0000 f(z,y)=f(0,00=000000000

000000000000000000000000000000000000000
0000000000000000000000000000000000000000
00000000000000000000000000000000000000000
+0y00000000000

4.2.1 00000

0 6(a)(b)(c) 000002y 00000000000005.000.1012000000 13
x 13(169000)017x 17(280000)011x 11(121000)000000000000
000000000000000000000
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000000:0¢y0000000 fu(z,y)0f,(z,y)0000. 0000000|f(z,y)| > 0.90
000000000 2400|f,(z,y) > 603000000000 3400|f,(z,y)| > 60.3
00000000034 0000000000200000000000000 9000
0000311%0000000200000000000581%0168000000000
00000000|f(z,y) >0800000000005200 |fu(z,y)| >60.100000
000063800|f,(z,y)| >601000000000600000000002000
00000000000 168000000300000000000000000
Schwefels 0 0000 Ridge 0000000000000000000000000000O

4.2.2 0OO0O0O0O0O0O0OOOOOO
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goboogobbobbooobboobiobb2333bbobog2000 233300000
3000 233400bogobgroobooboooBpOD 000D ODDOODOOO
000000000000 0D00D00D00DOOOS:Windows XP,CPU:Pentium 4, 3.0GHz,
RAM:2GBODOOO

QPROPOODODOODOOODOOODOO A=0.00000000 p=0900000000
gobbobuooobbbboooobbbuodgddpe=0800000
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OODOORPROPOOOOOOOAn =5.000000 AL, =0.002500000000
pt=0970m>000000p =061Um<000000000000000

OO0O00OQPROPOOOO RPROPOOODOOODOODOODOODODOOOOOOOO
gbogoboobogoboog.

4.2.3 0O0O0O0O0O0OO2000000

Ridged 0 00O 0O Rastrigin[0 O OSchwefels 0 0000000000000 BPOOQPROP
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00000 RMSEODOOODODODO

0000000o0ooob0ooogo 70000 8000RiIdgeD OO RastrigimO O OO
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O 7: RMSE for multi-stage learning and traditional methods in learning of Ridge function.

Function Ridge
Method Mean Max Min
+BP 0.107 0.235 0.038

+QPROP [ 0.058 0.113 0.024
+RPROP | 0.038 0.0561 0.030
BP 0.241 0.243 0.234
QPROP 0.172 0.241 0.108
RPROP 0.050 0.080 0.023

0 8 RMSE for multi-stage learning and traditional methods in learning of Rastrigin

function.
Function Rastrigin
Method Mean Max  Min
+BP 0.0vI 0.095 0.039

+QPROP | 0.066 0.131 0.026
+RPROP | 0.116 0.137 0.088
BP 0.259 0483 0.193
QPROP 0.186 0.201 0.126
RPROP 0.254 0.618 0.091

0 9: RMSE for multi-stage learning and traditional methods in learning of Schwefels

function.
Function Schwefels
Method Mean Max  Min
+BP 0.126 0.134 0.127

+QPROP [ 0.130 0.136 0.124
+RPROP | 0.098 0.238 0.044
BP 0.295 0.343 0.244
QPROP 0.280 0.298 0.261
RPROP 0.070 0.103 0.053

0 10: Learning time for multi-stage learning and traditional methods in learning of three

functions.

Learning Learning Time(sec)

Method Ridge Rastrigin Schwefels
+BP 419 1204 574
+QPROP 430 1212 616
+RPROP 458 1218 634
BP 620 1956 966
QPROP 624 1984 977
RPROP 832 1992 1256
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O 15: Input characteristics for the BP methods in the output unit ( Rastrigin function,
n=0.8).
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O 16: Input characteristics for the +BP methods in the output unit ( Rastrigin function,
n=0.8).
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O 17: Input characteristics for the +QPROP methods in the output unit ( Ridge function
,n=0.8).
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0 11: RMSE for multi-stage learning and traditional methods by using Rastrigin function.

Function Rastrigin +BP Rastrigin BP

Learnng coefficient | Mean Oscillation | Mean Oscillation
0.05 0.135 0.035 )
0.10 0.138 o | 0.025 )
0.20 0.096 o | 0.045 )
0.30 0.081 o | 0.162 )
0.40 0.039 o | 0.I83 )
0.50 0.026 o | 0.199 o
0.60 0.027 o | 0.I85 )
0.70 0.037 o | 0.203 o
0.80 0.071 o | 0.233 o
0.90 0.050 o | 0.61I8 )
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O 18: Input characteristics for the +RPROP methods in the output unit ( Ridge function,
n=0.8).
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O 19: Frequency spectrum of input characteristics for the BP methods in the output unit
( Rastrigin function, n = 0.8).
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0 20: Frequency spectrum of input characteristics for the +BP methods in the output
unit (Rastrigin function, n = 0.8).
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O 21: Frequency spectrum of input characteristics for the +QPROP methods in the output
unit (Ridge function, n = 0.8).
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0 22: Frequency spectrum of input characteristics for the +RPROP methods in the output
unit (Ridge function, n = 0.8).
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O 24: The behavior of the paturn p* between 1115~1135 epochs at the third stage in the
multi-stage learning(n = 0.4).
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