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GNN-based Decoding - BCH, (k,n)=(45,63)
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MLP &5 layer number pru'nlng pruning
ratio(%) count
VLP 1 10 160
My sy 2 2 16
MLP, 1 20 320
2 2 16
MLP, 1 10 160
v 2 2 16
MLP, 1 20 320
v 2 2 16
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MLP & layer number .
° v ratio(%) count
MLP 1 50 800
Mo 2 50 400
MLP. 1 50 800
Wy 2 50 400
MLP 1 50 800
My 2 50 400
ML Ph’ 1 50 800
v 2 50 400
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