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Abstract

The goal of first order optimization is to minimize efficiently an objective given an oracle that can
return a subgradient and the value of the objective for any point in the domain. In the stochastic setting
this oracle is exact only in expected value. In this seminar we will see a few recent improvements in
the design and the analysis of efficient stochastic first order optimization methods. We focus on the
case where the objective is the sum of a large number of components, discussing a few applications and
complexity bounds. In particular we will see how the stochastic variance reduced gradient method (SVRG)
outperforms the stochastic gradient descent by reducing the variance of the stochastic gradients with few
additional oracle calls. We will also discuss recent results for stochastic FW variants, analyzing in some
details an application of empirical process theory to the study of one such variant.
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