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Hidden layer

9 layers with 20 neurons

ctivation function Tanh
Optimization function dam
400 epoch

Trainin  times (1000 iterations/epoch)

Number of collocation points for each term

for PDE 10000
for IC 1000
for BC 5000

Number of observation data
of settlement (u)
of strain (e)

241 (1 times/day)
241 (1 times/day)
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