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c}ab4l Al4~" (multidimensional system)ell digt st wdalg el A& A AP (Self-
organized Distirbuted Networks. SODN) & aletaldct Aekgt A7 & AW (Self-
organized Networks)3} oh9] 4772 t}& A4 (Multilayer Neural Networks)e] Z§t=le] 2|9
A Wy g psle Y dgwoy g St way s AUEE ¥d 5 oo B ¥
B sl FAZE El= ARt g W Re 289 SgER] g doof digh e UukseE 59
FAZ) BekEl N2 AAupe|vt. sy AR Ax Aok AARE 71E9 ohE 47393 RBF(Radial
Basis Function) A7 %ol v]aly 58 A58 H2ic).

Abstract

A new neural network structure called Self-organized Distributed Networks (SODN) is
proposed for developing the neural network-based multidimensional system models. The
learning with the proposed networks is fast and precise. Such properties are caused from
the local learning mechanism. The structure of the networks is combination of dual
networks such as self-organized networks and multilayered local networks. Each local
networks learns only data in a sub-region. Large number of memory requirements and
low generalization capability for the untrained region. which are drawbacks of
conventional local network learning. are overcomed in the proposed networks. The
simulation results of the proposed networks show better performance than the standard
multilayer neural networks and the Radial Basis Function(RBF) networks.
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Fig. 1. A structure of the RBF neural net-
works.
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