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Abstract

In this paper, the application of polynomial preprocessing technology in the GMRES method is dis-
cussed when solving large-scale sparse linear equations, which improves its computational effi-
ciency and computational accuracy. We analyze how polynomial preprocessing increases the order
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of the polynomial used to form an approximate solution. At the same time, in order to simplify the
process of polynomial preprocessing, we propose a polynomial preprocessing method based on the
Arnoldi process, which directly uses the Arnoldi basis vector and recursive coefficients to construct
the polynomial p(A)b, which effectively avoids the direct calculation of the polynomial coefficients.

Numerical examples verify that this method is simple and efficient, which provides a new perspec-
tive for the application of polynomial preprocessing technology in the GMRES method.
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Figure 1. Comparison of the residuals of the Arnoldi polynomial method and the GMRES algorithm
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