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@ Minimize the strongly convex sum of a finite set of smooth functions:

Proposition 1 - Small step size
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@ Each function f; is convex with L;-Lipschitz continuous gradient (and L = max; L;). . ¢ orobl O(np) st ! e T T N T e T T
@ For most problems, O(np) storage can be avoided.

@ g is strongly convex with constant p.
@ Stochastic Average Gradient Algorithm

S £ 0_0,j=1,. @ Mini-batches reduce storage requirement (one gradient per mini-batch). _ _
°>tart from y; =0, / = | : @ Proposition 2 offers guidance to find a good mini-batch size. Discussion

e Randomly select i(k) € {1 ,n} with replacement.
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oy — fik(j({() if = i(k) oline search @ We expect a O(l/-k) rate on convex probl.ems. -

L Yi if i # i(k) o Optimal step-size for SAG depends on the Lipschitz constant of the f/. @ SAG uses old gradients and thus seems suited to parallelization.
@ SAG update: x,,1 = x, — =

1Y @ We propose a heuristic line-search for approximating each L;. @ SAG allows adaptive step-sizes and offers a termination criterion.

o For fi(x) = f(a/ x), we can reduce the storage to O(n).

@ Comparison with SG and FG updates:

@ This allows for automatic selection of the step-size.
@ SG update: xx11 = X — aky( )

@ SAG enjoys faster convergence than IAG. What is the influence of

@ FG updat = Xy — f! _ . o
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