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Methodological research for dynamic integration of
modular neural network’ s sub-networks

WANG Pan', LI Youfeng’, FAN Zhun"’, FENG Shuai'
(1. School of Automation, Wuhan Univ. of Technology, Wuhan 430070, China;
2. Schoolof Information, Zhejiang Univ., Hangzhou320027, China;
3. Dept. of Management Engineering, Technical Univ.of Denmark, 2800 Kgs Lyngby, Denmark)

Abstract: A generalized definition of modular neural networks (MN N) that almost include all multi-neural
networks (systems) is presented. Some relative concepts and problems of MNN’ dynamic integration are briefly
analyzed. Five new dynamic integration algorithms are presented for a kind of modular neural networks that are
based on the principle of “divide and conguer” and adaptive combination. The main differences among each sub-
method are: distance measure (absolute distance measure and relative distance measure) and computing meth-
od; selected and integrated number of the candidates (some integrate all networks and the others select only in
part); integrated strategy and rule (some are based on data driven or know ledge driven, the others are based on
data and knowledge driven). Empirical studies show these algorithms’ effectiveness and potential. M eanw hile,
a technical approach based on the thought of “experienced-in-one-aspect-and-feasible-in-others” is presented for
MNN sub-networks’ training.

Keywords: modular neural network; principle of “divide and conguer”; dynamic integration; distance

measure; data and/or knowledge driven strategy
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