On Momentum Acceleration for Randomized Coordinate
Descent in Matrix Completion
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Goal: Develop efficient tuning-free accelerated RCD
Requirement:

T
ZZ"'vec(X — X) Maintain sign consistency

Solution: Pick direction vector s and ensure
alignment of A on same side of s hyperplane

A = Adiag(sign(A”s))

Rank r manifold

B = Bdiag(sign(A’'s))
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