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SGD

Strongly convex:

Convex:

Nonconvex:
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Incremental Gradient
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Incremental Gradient, Subgradient, and Proximal 
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Strongly convex:

Convex:
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Random Reshufßing
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International Conference on Machine Learning, 2019
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Random Reshufßing and 
Shufße Once (new!)
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Experiments: logistic 
regression w/ l2 regularization
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Experiments: ÒvarianceÕÕ
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