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Dynamic optimization structure design for neural networks:

review and perspective

QIAO Jun-fei, HAN Hong-gui
(College of Electronic and Control Engineering, Beijing University of Technology, Beijing 100124, China)

Abstract: The influence of the structure design to the capabilities of neural networks is discussed in this paper. The
development history of the dynamic structure neural networks, especially the growing and the pruning neural networks
are introduced. The substantial results on the computing capabilities, learning theories, stability of neural networks are
then analyzed. Finally, the research on the dynamic optimization structure design is summarized and several views are put

forward.
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1 5] (Introduction)

N Ll 42 W %% (artificial neural network, ANN)
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2 K AEIZ M 4% (Growing neural network)
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Fig. 1 Non-hierarchically growing neural networks model

2.2 RG 1K A (Hierarchically growing model)
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Fig. 2 Hierarchically growing neural networks model

3 BBy R Z B 2% (Pruning neural network)
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Fig. 3 Pruning neural networks of second order

derivative model

3.2 fHURSE 43 BT BY (Sensitivity analysis model)
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Fig. 4 Pruning neural networks of sensitivity analysis model
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