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H MeBodoc:
Gradient Descent
(KaBodocg KAionc)

0, =060 —nVf(0)

Edw apxidel pla mAovola Kat TTOAUPEAETNHEVN
TTEPLOXN TWV EPAPHOCHEVWY HABNPATIKWV: N
Bewpla kKatl oL aAyoplBpoL BeAtiotomoinong.
(Optimization Theory and Algorithms)
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train_loader = DatalLoader(train_dataset, batch_size=64,

H Méeo60c shuffle=True, num_workers=2)
Stochastic

. for epoch in range(epochs):
Gradlent model.train()

total_loss = 0

Descent for images, labels in train_loader:

images, labels = images.to(device), labels.to(device)

Q) KwalKa optimizer.zero_grad()

outputs = model(images)

P hon loss = criterion(outputs, labels)
yt loss.backward()

optimizer.step()
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