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LOFT ACHIEVES LOWER COMMUNICATION COST

NEW METRIC FOR FILTER DISTANCE
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THEORETICAL RESULT: LOFT TRAJECTORY STAYS NEAR GD TRAJECTORYE REFERENCE

Let X € R"*%*P be the input data and y € R” be the labels. Let f be a one-hidden-layer CNN with only the first layer filters W trainable. Let {W,}._, and {W,}._, be
the weights in the trajectory of LOFT and GD. Let .S be the number of workers.
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Theorem 1. Assume the number of hidden filters satisfies m = ) (”4T2

S5z max{n, d}) and the step size satisfies n = O (&) Then, with probability at least 1 — O (&) we have:
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