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Algorithm 1 (pull) gossip SGD (run on client 7)

1: function CLIENT_LEARN

2: Initialize:
3: wo, ;:=wg, t:=0
4: loop
5: shuffle(X;)
6: for minibatch x € X; do
7: Wig1,i 4 Wi — aVF; (w5 2)
8: t—t+1
9: if t =0 mod T then
10: choose j at random
11: receive(w; )
12: wy,; <—average(ws ;,w;)
13: end if
14: end for
15: end loop

16: end function
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Algorithm 2 (pull) gossip SGD+warm-up (run on client )

1: function CLIENT_LEARN

2 Initialize:

3 wo,;:=wo, t:=0, ¢;:={INF,INF, ..., INF}
4 loop

5: shuffle(X;)

6 for minibatch x € X; do

7 Wip1,i < Wes — aVFj(wy ;)

8 t+—t+1

9 if t =0 mod T then

1 K
10: pi=
Cik ) =1

11: pi <0

12: choose j on p

13: send(c;)

14: receive(c;, w;)

15: c:=measured_time()

16: ¢ij < UPDATE._TIME(c; ;, c)
17: ¢; +UPDATE_TIMES(c;, c;)
18: wy,; <—average(wy ;, w;)

19: end if

20: end for

21: end loop

22: end function
23: function UPDATE_TIME(c;, ¢;)
24: if (1 — threshold) x ¢; > ¢j then

25: Ci <= Cj

26: else if (1 4 threshold) x ¢; < c; then
¢ + Cj

27: C;j

28: end if

29: return c;

30: end function

31: function UPDATE_TIMES(c;, ¢;)
32: for k € K do

33: Cik %UPDATE,TIME(ci,k,cj,k)
34: end for
35: return c;

36: end function
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