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Abstract

At present, research on eigenvalues mainly focuses on complementary eigenvalues, eigenvalue es-
timation, and the application of algorithms to calculate eigenvalues. Inspired by the tensor absolute
value equation Ax™* —|X| =b, this paper considers a new form of eigenvalue problem and pro-

poses a gradient neural network method to solve the eigenvalues and eigenvectors of the new form
tensor. Numerical experiments have shown the feasibility and effectiveness of using gradient neural
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network methods to solve this problem.
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Table 1. Partial results calculated by layered neural networks (1)
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Table 2. Partial results calculated by layered neural networks (2)
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