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Fed-Sub Net Networking Algorithm

—

Init: ¢ is a time step in round, c is a specific client index,
MN is a main model protected by sub model interpolation
method, SN is a sub-net to be trained and distributed. 2 is
a weighted parameter for interpolation method. L is a
learning rate. O is an objective function. CS is a cosine
similarity function. DV is SN®*1 — MN vectors.

Input: MN, SN2, 0, L, O

Output: SNt+1

Clients do:

For epoch in Epochs:
SNt « Local Training(SNY)
return SN:*1
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8  Server do:

9 For t to {1,2,...,Round}:

10 SN 1 « Aggregation(VSN!TY)

11 SN 1 « Interpolation(MN,SN'*1, )
12 Broadcast SN¢*1

13 Local Training (A client’s SN}):
14 Forbto {1,2,...,Batch}:

15 SN « SNE — LVO(SN; b)
16 return SNI*!

17 Aggregation(VSNI™)
18 return Average(VSNE™Y) (¢ ={1,2,..,N})

19 Interpolation(MN, SN, 0)
20 SN« SNt*1 — 0 x DV x (1 — |CS(MN, SN*+1)|)
21 return SN'*!
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Model Loss Accuracy F1-Score
Fed-Avg 1.4612 97.61% 97.48%
Fed- MN 1.4612 98.86% 98.78%
SubNN | SN 1.4612 95.66% 95.57
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3 5: MNIST classification (Noise Model)

Model Loss Accuracy F1-Score
Fed-Avg 1.5236 97.93% 97.86%
Fed- MN 1.4612 98.86% 98.78%
SubNN | SN 1.4615 98.38% 98.40
(3 5F oz EUE 4TS HOFT Fed-Avg
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Model Loss Accuracy F1-Score
Fed-Avg 0.5738 77.75% 50.61%
Fed- MN 0.5690 78.02% 50.02%
SubNN | SN 0.5546 76.66% 44.23%
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