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Abstract: A weights-and-structure-determination ( WASD) algorithm is proposed for the neural network
using bipolar sigmoid activation functions together with subsequent iterations, which is the combination of
the Levenberg-Marquardt algorithm and the weights-direct-determination method for neural network train-
ing. The proposed algorithm, combined with the Neural Network Toolbox of MATLAB software, aims at
remedying the common weaknesses of traditional artificial neural networks, such as long-time learning ex-
penditure, difficulty in determining the network structure, and to-be-improved performance of learning
and generalization. Meanwhile, the WASD algorithm has good flexibility and operability. Taking data fit-
ting of nonlinear functions for example, numerical experiments and comparison results illustrate the supe-
riority of the WASD algorithm for determining the optimal number and optimal weights of hidden neurons.
And the resultant neural network has more excellent performance on learning and generalization.
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100 9.467 x10~° 2.092 x107’ 12. 500
200 2.028 x 1077 4.772x10°° 11. 443
25 6.033 x10° 4.943 x10°° 12.391

6) 50 6.751 x10°° 9.782x10°° 12.337 48173
100 2.683 x10°° 2.525x107° 11. 600
200 1. 604 x10~° 1.300 x10~* 11. 845
25 1.712 x107® 1.558 x10~* 11. 412

7 50 1.885x10°° 4.821 x10°° 9. 083 40,519
100 1. 069 x10~® 1.812x107’ 10. 768
200 2.348 x10~° 5.383 %107’ 9.256

F3 TS LMENN 28 0 2% 2 o] 55 455

Table 3 Learning and testing results of comparative LMFNN neural network

H b R AL [y T Ve R M5 22 PATHFE]) /s
(5) 110 4.301 x 107 1.786 x 10~ 13. 606
(6) 110 2.369 x10~° 1.324 x10°* 11. 415
(7) 102 1.423 x107° 1.163 x1077 39. 063
g T A M R 3L T 0L S S 0
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(Process 1) 1, B 2 R RLHOBEN, 10026 1y 2% 10|
SHRZERERIEAG, TR T s, 1 0| ;
AR, ST B 26 B0 o S
207; PEARER2 (Process 2) J5, RIZEH2E )10 % 0 S0 10 150 200 250

—H M, HERF GRBIZRAMT) 4501, &K
ZANGr s LI, R 25 19 2 ) 1R 25 B 3K 8.455 x
1077, P8 6 S 280 H AR eREL (6) 192 ) 4
RFREREE R o BEAl, [T FIE 8 JE/R T WASD fif

K5 WASD R4t i)2i ) iR 2E B FIRZITE n IR AR

Fig. 5 Relationship between WASD neural network learning

error E and neuron number n
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Fig. 6 Learning results of WASD neural network for target function (6) in [0, 1]7



8 R EEA A (A ARBHERRD)

555 &

(a) HAxek£(6)

(b) WASD M 4 IR F 00 4

(c) WASDI £y 1572

Fl7 WASD #iZe 4 xt Hbrek%t (6) 7EX[E [0.05, 1.0171% py Ayt mim g5 5
Fig. 7 Testing and forecasting results of WASD neural network for target function (6) in [0.05, 1.01]>
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Fig. 8 Testing and forecasting results of WASD neural network for target function (6) in [0.05, 1.02]°
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Fig. 9 Testing and forecasting results of WASD neural network for target function (6) in [0.05, 1.04]>
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Table 4  Performance comparisons among different training methods

H ¥ B 4L RZEZT LM ol BP BFGS o % BP 7%
] RZE 1.822x107° 2.900 x10 ¢ 1.179 x10°® 4.149 x10°®
(3) R 2 1.803 x10~° 1.3004 x10~* 3.397 x107* 3.214 x10°*
(6) 2p IR 2.075x10°° 1.979 x10°° 8.751 x10~° 6.013 x10°°
kiR 2 2.417 x10°° 1.997 x10~° 8.510 x10™° 9.148 x10°°
7 R 8.640 x 107" 6.911 x10°® 1.300x10® 6.278 x 10 °®
iR 25 5.653x107° 9.811x107* 3.366 x107® 7.372x107*

M A Al LI LM J5 3 U 2 22 Fnl
R ZE SR H LT HERIIZTT L (W BFGS A
I MR o ASRULH T LM JrikfE WASD
LA SO S A, AN, B X H bR pR R
(5), ASCHEA] WASD 359847 50 R8s, HH
PRREEEBEE ] 5.0 x 1077, JAATHEE] g 20 s, 3R 5
N 50 IRILH G4

£5 WASD Bk 50 KSR 53 45
Table 5  Statistical results of WASD algorithm in 50 experiments

TRZEATY YA PrifE2E
2E iR 1.639 x107° 1.557 x10~°
HIGeEE = 1.747 x10~° 1.708 x 10 ~°
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EASHE A, FRATTIETE pl 28 I 28 530 1 1k R S
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UEo 76 10 W UEHr, 2% 2] 3R 25 /A 2.000 x
1077, BEBF AR 22 4 5. 512 x 107175 3%
Zf/NR3.797 x 107", i iR 2K 9. 793 x
1077, BAIMTS, 10 9738 UEIE 2 > 1% 22 1 (8
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