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Abstract

Mirror descent (MD) has been widely used to deal with the machine learning problems. For large
scale data processing and non-smooth loss convex optimization problem, we proposed an im-
proved mirror descent method, which is called modified stochastic sub-gradient mirror descent
method. It combined an iterative average method with stochastic sub-gradient descent method. In
the process of weighted average, the average iteration is not used to construct the algorithm, but
occurs as a byproduct of our algorithm. The average weight is determined by the step size used by
the algorithm. Our algorithm has good convergence. For strong convex functions, we show that the

1
optimal convergence rate of the algorithm arrives at 0(;] .
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