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Distributed setup
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Distributed Learning

Global objective:
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Review on Proximal Gradient

Problem:
min f(x) 4+ g(x);
X2RN

T(x) is differentiable, L smooth and strongly convex
g(x) is non-smooth but convex

Algorithm:

XKt = prox(x®  rf(x"));
g

where prozimity operator of g
1 -
prox(X) := argmin g(u) + —ku xk?
g u 2
Convergence result:
Let each f be L-smooth and -strongly convex. Then, for 2 (0;2=( +L)],
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Distributed Proximal Gradient

Problem: Gradient property:
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Algorithm: (on each iteration)
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It’s exactly proximal gradient descent
k = number of master updates
Convergence rate:

Let each f; be Lj-smooth and j-strongly convex. Then, for 2 (0;2=( +L)] and
L = maxflLjg; = minf jg,
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