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Abstract

In machine learning, we often consider the problem of minimizing an objective function that is a
sum of convex functions. The stochastic recursive gradient algorithm (SARAH) is a common me-
thod to solve the above problems. It allows a simple recursive framework to update stochastic
gradient estimates. Based on the SARAH method, this paper, we propose to use the approximately
optimal stepsize (AOS) to automatically compute stepsizes for SARAH, which leads to SARAH-AOS
algorithm. For the proposed algorithm, we conduct numerical experiments, and the results show
that the SARAH-AOS algorithm is not as sensitive to the selection of initial step size as SARAH. Our
algorithm has a significant performance improvement over the SARAH algorithm.
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Table 1. Data and model information of the experiments
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Figure 2. Sub-optimality on a9a
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Figure 3. Sub-optimality on ijennl
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