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learning rate N |
losses = []
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# design model

Model = nn.Linear(1l, 1, bias=True

_ »
and optimizer
s )

# init optimizer

# optim =

optim = torch.optim.5GD(Model.parameters(), lr=learning rate)

torch.optim.Adam({Model . parameters{(), lr=learning rate)
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# forward -
¥ predict = Model(X)
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# backward

(¥_predict, Y) \ :
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# update wights
optim.step()

if epoch % 18 == @: H\ |
print(f"epoch= [-"-l' h} loss={loss.] [):.4f}
# print (Y prbj

losses.append(loss.item())

# zero wights
optim.zero _grad()
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learning rate = 8.1 # @ {5_
epochs = 288 3 ,
losses []
# design model
Model = nn.Linear(l, 1, bias=True) /
#construct loss and optimizer fxi
Loss = nn.MSELoss() | \\
# init optimizer a 7 \\
# optim = torch.optim.SGD(Model.parameters(), lr=learning_rate) \ f
optim = torch.optim.Adam(Model.parameters(), lr=learning_rate) \ /u
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