Adaptive Averaging in Accelerated Descent Dynamics
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Accelerated Mirror Descent A simple sufficient condition

» Optimization algorithms can be obtained by discretizing an ODE. Corollary

» Constrained smooth minimization, min,cy f(x), with Vf Lipschitz, X closed convex.

» ldea: Start with energy function, design ODE to make it a Lyapunov function. Given a rate r(t), if (t) > r'(t) and a(t) ﬂ; then L, is a Lyapunov function tor AMD,, ;, and
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C) Linear function. (d) KL divergence.
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Re-parameterization: a(t) = %, w(t) = W(tO);((;))eftO Ar)dr £(0) = % Figure: Vector field X — V2*(Z(t))Vf(X) for different values of Z(t).
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