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Algorithm 1 Distributed Neural Network Optimization(DINNO)
Require: £(-), 8inisiat, G, D, p

1: foricVdo

2: p? =0

3: 9? = gim‘,tmf

4: end for

5: for k+ 0 to K do

6: Communicate: send 6% to neighbors G

T: for i €V do

8 o = pf + pT e, (65 — 0%)

9: ’ilf"}o = ch

10: for 7« 0 to B do

11: T =T+ G, B, {Qﬁ}jew’ , Di)
12: end for '
13: it — B

14: end for

15: end for

16: return {E),K }iev
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