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Abstract

Recently, momentum methods have been widely adopted in training machine learning. In this pa-
per, based on the Polyak step-size and the Moving Average Gradient (MAG) method, a new momen-
tum method (LAGP) is proposed. By combining it with the stochastic gradient, the SLAGP method is
developed. The linear convergence of the LAGP method under the semi-strongly convex condition,
and the linear convergence of the SLAGP algorithm under the semi-strongly convex condition are
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established. Numerical experiments show that LAGP and SLAGP have significant advantages com-
pared with other popular algorithms.
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