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Algorithm 1 MPT-FL
Input: Pruning ratio P, Loss function L
Sever Executes:
Initialize global weight W, of network depth ! and of width {k; }54
By «+ sign(W,) //Binarize the global initial model
Initialize all clients model with By
Initialize Layerwise global pruning scores S,
for each round t = 1,2,... do
Randomly select K clients, indexed by k.
for each client k € K do
SL' !« ClientUpdate(By, S!]‘ W)
end for
S!'I+l + (aggregate pruning score {S;*'})
end for
ClientUpdate(By, S}, W,):
S S,’,
for each local epoch n from 1 to F do
{T(i)},k‘, + Sorting of indices {i}lf’, s.t. \S;m\ < \S;“_“\
M  Lyr¢iy>k; p/100]3 (2) // Make layerwise pruning mask
a+ ||M oWy /||M|: // Calulate amplitude gain at layer [
Sy + S — Vs, L({a(M ® By)}) // Update layerwise pruning scores
end for
return Sj. to server
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Model .

Method Test Acc(%) Size(byte) Sparsity(%)

DNN 99.344+0.04 7,729,408 0%

MPT 1/32 99.46+0.04 241,544 80%

FedAvg 97.484+0.10 7,729,408 0%

BNN-FL 1/1 96.53+0.25 241,544 0%

BNN-FL 1/32 | 97.27+0.08 241,544 0%

MPT-FL 1/1 97.47+0.22 241,544 80%

MPT-FL 1/32 | 97.92+0.11 241,544 80%
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