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New Neural Network Method for Solving Nonsmooth Pseudoconvex Optimization Problems
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Abstract The research of optimization problem is favored by researchers. As an important part of optimization pro-
blem, convex optimization problem is the focus of research. Many models based on neural network are applied to practi-
cal problems. However, the optimization problems involved in machine learning, signal processing, bioinformatics and
other fields are often not convex optimization problems, but pseudoconvex optimization and nonconvex optimization
problems. Therefore,it is urgent to solve the latter kind of problems. To solve the optimization problem that the objec-
tive function is nonsmooth pseudoconvex function and constraint function is equality and inequality function, this paper
constructed a new single-layer neural network model without penalty parameter based on the idea of penalty function
and differential inclusion. The main idea of the design is that according to the proposed neural network model,a con-
strained function can be designed for the gradient of the objective function so that the value of the objective function is
always kept within a range,and then a function about time is combined to ensure that its value decreases with time. At
the same time, considering that inequality constraints affect the convergence direction of the state solution before it en-
ters the equation constraint,a conditional function is added to restrict it. Compared with the proposed neural network
model,it has the advantages of simple structure,no need to calculate penalty parameters in advance,and no special re-
quirements for the position of the initial point. Furthermore,it is theoretically proved that for any initial point,the state
solution can converge to the equality constraints in finite time and stay there thereafter, the boundedness of the state so-
lution, the state solution can converge to the feasible region in finite time and stay there thereafter,and the state solution
can finally converge to the optimal solution of the optimization problem. Under the environment of MATL AB.by math-
ematical simulation experiments,the state solution can converge to the optimal solution quickly. At the same time,if the
penalty parameters or initial points are not selected properly,the state solution will not converge well when the same

optimization problem is solved by using the proposed similar neural network model. This not only verifies the correct-
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ness of the theoretical results,but also shows that the proposed network has a wider range of applications.
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Ve &)
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= lim(z =20 T o T
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0114 i}

W, A5 - — T R Mgk DR AR ' T Dy o™ DG ke T 1 A 22 0 4% ik 233

R FRN RE BT FAER 2 €S NS, A F()—
FO=0, WS, o ™ O Ak 38 (D) By Bt A

B BAE W limr (0) = 2, #3& — 4 Lyapunov i ¥
.
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