ERVEE I e
2007 4E 7 H

THRKRFFHROT F R)
Journal of Jilin University (Engineering and Technology Edition)

Vol. 37 No. 4
July 2007

2 A LBV R 7

R R

FEF B, K& 130026;2. # 37 A A

(L EMAE HEER

W ENFIEMBP HARETHRGLANPENENF RE T4

AR el A IR MBS
XER - ALTER;FIE; 7R EEHA
FES2ES . TP183 Stfa'eiﬂm,\ﬁE:A

5047 42

Ak & AR, E JFE 475003)

LY EFETREHBEN

L;ﬂu‘t/\irﬁa{c AL T REFERT % ENARME,
AT Z WY BP W%
XEHE:1671-5497(2007)04-0846-05

Limited supervising method for learning rate regulation

Li Hong-yan'.Liu Xian-liang” ., Bao Xin-hua'

(1. College of Environment and Resources, Jilin University, Changchun 130026, China; 2. Yellow River Conservancy

Technical Institute, Kaifeng 475003, China)

Abstract; The mechanism of the impact of learning rate on the error-drop-curve of BP networks was

studied. Then a limited supervising method for learning rate regulation was proposed, by which the

learning rate of BP networks is capable for self-adaptive adjustment. This method was validated by

demonstration study and engineering application.
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Fig. 1 Drop-curve of network errors under

different original learning rates
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Table 1 Network training process based on limited

supervising to learning rate regulating
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Table 2 Network training process based on the rule of

Eq. (3) for learning rate regulating

W L Epoch L E
0 0. 5000 421. 359
1 0.5250 212. 807
0.5 2 0. 5250 212. 807
3 0.5250 212. 807
0 0.2 421.3
1 0.21 212.8
0.2 2 0.21 212.8
3 0.21 212.8
0 0.1 421.3218
1 0.105 212.8
0.1 2 0.105 212.8
3 0.105 212.8
0 0.0010 421. 359
1 0.0011 224. 496
2 0.0011 90. 0639
3 0.0012 64. 7992
4 0.0008 94. 3907
5 0.0006 129.016
6 0. 0004 154. 992
0.01
7 0.0003 172. 491
8 0.0002 184. 025
9 0.0001 191. 686
10 0.0001 196. 872
20 0. 0000 209. 808
50 0. 0000 211.531
100 0. 0000 211.578

F:0=1.05,8=0.7,k=1.04,
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0.03 Mfir .

WG 1, Epoch 1, E
0 0.2 421.3
100 0.2 212.8
200 0. 14 212.8
300 0.098 212.8
400 0.068 212.8
500 0.068 212.8
0.2 600 0.048 212.8
700 0.048 212.8
800 0.033 212.8
900 0.033 29. 45
1000 0.033 29. 45
2000 0.033 20. 19
3000 0.033 18. 86
0 0.1 421.3
100 0.1 212.8
300 0. 049 212.8
0.1 500 0.034 212.8
1000 0.034 22.90
2000 0.034 19. 56
3000 0.034 17.02
0 0.05 421.3
100 0.05 212.8
200 0.035 212.8
300 0.035 62. 85

0.05

500 0.035 26.76
1000 0.035 21.62
2000 0.035 19. 45
3000 0.035 17.57
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Table 3 Network training process based on the rule of

Eq. (4) for learning rate regulating

WIHR L, Epoch L, E
0 0. 5000 421. 359
1 0.5250 212.807
2 0.3675 212. 807
3 0.2573 212. 807
0.5 4 0.1801 212. 807
5 0.1261 212. 807
10 0.0212 212. 807
20 0. 0006 212. 807
50 0. 0000 212. 807
0 0.0010 421. 359
1 0.0011 224.496
2 0.0011 90. 0639
3 0.0012 64.7992
4 0.0008 94. 3907
5 0. 0006 129.016
1 6 0. 0004 154.992
0-00 7 0. 0003 172. 491
8 0.0002 184.025
9 0.0001 191. 686
10 0.0001 196. 872
20 0. 0000 209. 808
50 0. 0000 211.531
100 0. 0000 211.578
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Fig.2 Variation of learning rates under different

step sizes
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Fig. 3 Variation of network errors under different

step sizes
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