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Abstract: Pseudoconvex optimization problems are a special kind of nonconvex optimization problems, which
often appear in various scientific and engineering applications, so they have great research value. Considering
the shortcomings of the existing neural network model to solve the nonsmooth pseudoconvex optimization
problem, a new single-layer recurrent neural network model based on differential inclusion theory is proposed.
Through theoretical analysis, it is proved that the state solution of the neural network converges to the feasible
region within a limited time and stays in it forever. Finally, the state solution of the neural network converges
to the optimal solution of the original optimization problem. At the end of the article, the validity of the
proposed theory is verified through numerical experiments. Compared with existing neural networks, the neural

network model proposed in this paper is simple in structure, does not need to calculate penalty parameters in
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advance, and has no special requirements for the selection of initial points.
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