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The Variance of Local GD
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Theorem

Choose H such that H < \/L%, then v = % < ﬁ, and hence
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To get a convergence rate of 1/v/MT we can choose H = O(T'/*M—3/%), which
implies a total number of Q(T3/4M3/4) communication steps. If a rate of 1/v/T
is desired instead, we can choose a larger H = O(T'/4).
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Open questions

Meta-Learning

We can learn an "improvable” model
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