Error Compensated Distributed SGD can be Accelerated

The Problem
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Gradient Compression Methods
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Gradient Compression Methods

o () is an unbiased compressor if there is w > 0 such that

Q) < (w+ =] (3)
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Assumptions

Assumption 1: E|Q(z)| = dx.

Assumption 2: For z, =

and £ > 0 in Algorithm 1, we have
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Some Notations
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Assume the compressor () in Algorithm 1 is a contrac-
tion compressor and Assumption 3 holds. If £; >

max{ Ly, 3un}, 01 +0; < 1, and 6, > L2 then we
have [ [Cbk} <
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Convergence Result

Assume the compressor () also satisfies Assumption 1
or Assumption 2. Define
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Iteration Complexity

Assume the compressor () in Algorithm 1 is a con-
traction compressor and Assumption 3 holds. Let
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Optimal Choice of p

To minimize the total expected communication cost, the
optimal choice of p is O(r(Q)).

Communication Cost

Denote A as the communication cost of the uncompressed
vector € RY. Let
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Assume Ly = L = L and A;r(Q) > O(1). Choose p =
O(r(Q)). The total expected communication cost of the
error compensated loopless Katyusha is
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For uncompressed L-Katyusha, by choosing p = 1, the
total expected communication cost is
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Numerical Results

1. ECSGD vs ECGD vs EC-LKatyusha vs EC-LKatyusha-
full for Top k=1 compressor
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2. ECSGD vs ECGD vs EC-LKatyusha vs EC-LKatyusha-
full for Random dithering 1-bit compressor
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3. EC-LKatyusha-full vs ADIANA
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