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Information Enhancement for Interpreting Internal Representation
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In this study, we proposed a new method called “information enhancement” for interpreting
the mechanism of neural networks. We tried to interpret all the components and all the
possible combinations of the components by this information enhancement. Applied to the
self-organizing maps, we found that clear class structure could be produced for
interpretation. In addition, we found that the method was related to a new model for
neural networks taking into account the social activities of neurons.
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