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Fig.3 Algorithm 2 adds momentum only compared to the sub-optimality of adding neither
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Operations Research and Cybernetics

A New Stochastic Variance Reduced Gradient Algorithm with BB-Like Step Size

CHEN Xuanrui, LIU Zexian, NI Yan

(School of Mathematics and Statistics, Guizhou University, Guiyang 550025, China)
Abstract: Adaptive step size is introduced into the Stochastic Variance Reduction Gradient (SVRG) algorithm, and the numerical
performance of the algorithm is further improved on this basis. Firstly, the step size of the SVRG algorithm is calculated by BB step
size with two-dimensional quadratic termination. Then the stopping criterion and negative momentum are introduced into the inner
loop of the SVRG algorithm to accelerate the convergence rate. The proposed algorithm’s numerical experiment was carried out
using Matlab, and the numerical performance of the algorithm was observed. By analyzing the numerical experimental results of the
algorithm, it is concluded that the algorithm’s performance is comparable to that of the SVRG method with the optimal step size
adjustment. In addition, the new algorithm is insensitive to the selection of the initial step size and can automatically generate the
optimal step size.

Keywords: stochastic variance reduced gradient algorithm; BB-like step size; adaptive computing; negative momentum framework
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