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Algorithm 1 (pull) gossip SGD (Run on client 7).

Algorithm 2 all-reduce SGD (Run on client ).

Require: wp; = wo,t =0
loop
shuffle(X;)
for minibatch z € X; do
Wit1,i < Wi — aVEF;(wg ;@)
t—t+1
if t =0 mod T then
choose j at random
wy,; <—average(ws,;,w;)
end if
end for

end loop
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loop
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Algorithm 3 all-reduce2 SGD (Run on client ).
Require: wp; = wo,t =0

loop

shuffle(X;)

for minibatch z € X; do
Wit1,i < Wi — aVEF;(wg ;@)
t—t+1
if t =0 mod T then

wy <—all-reduce-average(wy ;)

end if

end for

end loop
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