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Le()n BOttou “Stochastic Gradient Descent Tricks”

4.1 Preparing the data

Randomly shuffle the training examples.

Although the theory calls for picking examples randomly, it is usually faster to
zip sequentially through the training set. But this does not work if the examples
are grouped by class or come in a particular order. Randomly shuffling the
examples eliminates this source of problems. Section 1.4.2 provides an additional
discussion.
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Random Reshuffling and
Shuffle Once
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More things In the paper

Importance sampling
Decreasing stepsize
Regularized Fed RR

Bounds for iid and non-iid data
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