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(A Neural Net System Self-Organizing the Distributed

Concepts for Speech Recognition)
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Abstract

In this paper, we propose a neural net system for speech recognition, which is composed of two
neural networks. Firstly the self-supervised BP (Back Propagation) network generates the distri-
buted concept corresponding to the activity pattern in the hidden units. And then the self-
organizing neural network forms a concept map which directly displays the similarity relations
between concepts,

By doing the above, the difficulty in learning the conventional BP network is solved and the
weak side of BP falling into a pattern matcher is gone, while the strong point of generating the
various internal representations is used. And we have obtained the concept map which is more
orderly than the Kohonen’s SOFM,

The proposed neural net system needs not any special preprocessing and has a self-learning ability.
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Fig. 2. The self-supervised BP neural network.
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