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An effect of sparsity on neural network model with sparse and local excitation
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Associative memory models and models with Mexican-hat type interaction are two major attractor neural network
models. In a previous study, we proposed a solvable model that has features of both models. We showed that
the proposed model has localized retrieval states, in which a localized part of a stored pattern is retrieved with
a hat-shaped profile. In that study, we considered only the case where the firing rate of the stored patterns is
50%. It is known, however, that changes in the firing rate affect the properties of the associative memory models.
In this paper we study how changes in the firing rate affect the properties of the proposed model. We perform
statistical-mechanical analysis and numerical simulation, and show that the firing rate must be less than or equal
to 50% in order for the localized retrieval state to be stable, when more than one pattern is stored.
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