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Abstract: Based on the research results from complex networks, a new neural networks model, multilayer feedforward

small-world neural networks, is proposed, whose structure is between the regular and random connection model. At first,

a new networks model is built up on rewiring the links of multilayer feedforward regular neural networks according to

the rewiring probability p, and the characteristic parameters of new model show that it is different from the Watts-Strogatz

model on clustering coefficients when 0 < p < 1. Secondly, the networks model is described as a six-element composition.

Finally, when using multilayer feedforward small-world neural networks for function approximation under different p, the

simulation results show that the networks have the best approximate performance when p = 0.1, and the comparison of

convergent performance also shows that the small-world neural networks is superior to the same scale regular networks and

random networks to a certain extent in convergence and approximate speed at the same rewiring probability.
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2 (Network con-

struction and characteristic parameters)
2.1 (Networks construction)
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Fig. 1 Construction process of different networks model
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2.2 (Network characteristic parame-

ters)
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Fig. 2 D, C with the change of p
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3 (Network model description)
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4 (Simulation and re-

sults analysis)
4.1 (Test function and algo-

rithm parameters)
MATLAB

, :

f(x) = e−1.9(x+0.5) sin(10x), x ∈ [0, 2π], (10)
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4.2 (Test results and analysis)
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Fig. 3 Aprroximation error curve with the change of p (10

layers, 5 neurons per layer)

4 p (12 , 5 / )

Fig. 4 Aprroximation error curve with the change of p (12

layers, 5 neurons per layer)

5 p (15 , 5 / )

Fig. 5 Aprroximation error curve with the change of p (15

layers, 5 neurons per layer)
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6 p = 0.1 (10 , 5 / )

Fig. 6 Aprroximation curve at p = 0.1 (10 layers,

5 neurons per layer)
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Table 1 Statistic results of convergence at setting precision

p = 0 p = 0.02 p = 0.05 p = 0.1 p = 1
L

ns nm ns nm ns nm ns nm ns nm

10 — — 5 23001.4 8 4850.8 10 1631.0 5 46422.6

12 — — 2 23827.5 9 20128.7 9 3711.9 6 20964.3

15 — — 4 22238.5 6 7403.0 9 19937.7 3 39936.3
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5 (Conclusion and prospect)
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