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Abstract

With the increasingly powerful functions of artificial intelligence, research on machine learning
and deep learning is also becoming increasingly sophisticated. The core idea of deep learning is to
solve optimization problems, and with the increasing scale of practical problems, gradient algo-
rithms are increasingly receiving attention and favor due to their relatively low computational
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costs. Designing new accelerated gradient algorithms is the key to accelerating problem solving.
This article presents a series of new accelerated gradient algorithms based on ordinary differen-
tial equations. This article considers a class of second-order ordinary differential equations with
uncertain coefficients and proves under what conditions the coefficients satisfy that the differen-
tial equation can converge quickly. For this differential equation, this paper adopts two different
discretization schemes: explicit Euler scheme and implicit Euler scheme for discretization, and
obtains two different optimization algorithms, respectively proving the convergence rate of the
algorithms. Finally, this article demonstrates the effectiveness of the algorithm through numerical
experiments.
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Table 1. Comparison of average number of iterations and computation time of various algorithms when the objective func-
tion is a quadratic function
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