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Initialize global @
for t=1 to R do

for each client k in parallel do
0, « 61
LocalTrain(8,)
if t mod AT == 0O then
DynamicPrune(8,.B, 0;.4)
end if
end for
6t « FedAvg({6,},(m})
End for
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Fixed r=8 105,728

Fixed r=4 102,144
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