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H. Robbins and S. Monro
Stochastic Approximation Method !
The Annals of Mathematical Statistics, 1951

R. Gower, N. Loizou, X. Qian, A. Sailanbayev, E. Shulgin,
P. Richtarik

SGD: General analysis and improved rates!

International Conference on Machine Learning, 2019
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Incremental Gradient

ﬁ D. Bertsekas
s Incremental Gradient, Subgradient, and Proximal
- Methods for Convex Optimization: A Survey!
Optimization for Machine Learning, chapter 4, 2011
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Mathematical Programming, 2019
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Random Reshuff3ing
.]Z;; J. Haochen and S. Sra

Random Shuff3ing Beats SGD after Finite Epochs !
International Conference on Machine Learning, 2019

Closing the convergence gap of SGD without
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International Conference on Machine Learning, 2020
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Random Reshufl3ing and
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Experiments: logistic
regression w/ 12 regularization
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