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# initialize random weight and params

'r'n'ﬂ :137 '7|nnN
W = torch.tensor(8.8, requires grad=True)

learning_rate = 8.1

for, epoch “n range (166): NIYON YN + ‘m"w"ﬂn'?'n .
loss = W**2-A*48 r
NITAIN mw'n '1IﬂN'7 '7|n'7'n«
# bacward - calculate grads
loss . backuard() .NTNM70 2XPI DAY mm'n n'womm ||3‘rv .

# optimize wights

with torch.no_grad(): / nl-]-r)]j OIDIN ®

W -= learning_rate * W.grad

if epoch % 18 == 8.

print({f"epoch= {epoch} W= {W.item():.3f} model=]

E k= ©8.486 model=8.88@ grad= -4.0600

ARYINN 79 NOOTA *

# zero wights
W.grad.zero ()

print{f"End W= {W.item():.3f} model={loss:.3f]

% “ ‘ "’,"‘ N
End W= 2.860 model-4.000 oo \
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Dptimizer = torch.optim.SGD{[W], lr=learning rate) 5
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# optimize wights v '

optinizer-step( step() N71IW9N NIY¥NKA nwy’j DMONASN DTV -

optimizer.zero_grad()

# zero wights = zero_grad() N71¥9 NIYXNXY NWY1 NITAIN OI9'N *.
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Optimizer 2 W w.

# initialize random weight and params

W = torch.tensor(8.8, requires grad=True)

learning rate = 8.1

# init optimizer

optimizer = torch.optim.5GD({[W], lr=learning_rate)

tor epoch in range (168):
# Forwarag o
loss = W**2-4*W+8 W=

W=

# bacward - calculate grads ﬂ=
loss.backward() e
W=

# optimize wights W=
t+imi + b=

optimizer.step() > ooe

if epoch & 18 == &:
print(f"epoch= {epoch} W= {W.item():.3f} model={loss:.3f} grad= {W.grad:.3f}")

# zero wights
optimizer.zero grad()

print(f"End W= {W.item():.3f} model={loss:.3f} ")

//

Fed Bl PRI P R RO e

model=4. 886

846
a1
eae
eae
eae
eae
eae
eae
eae

o)
J1'Nn N
YTIPN 7IND

D'DIVY7 Nn'2
NnROWINI1 NNYINNYT

8 W= 8.488 model=82.808 grad= -4.608
1.828 model=4.
.982 model=4.
.998 model=4.
L8368 model=4.
.868 model=4.
.868 model=4.
L2308 model=4.
.38 model=4.
.88 model=4.

grad= -8.429
grad= -8.844
grad= -8.885
grad= -8.881
grad= -9.088
grad= -2.088
grad= -8.88a
grad= -9.88a
grad= -9.88a
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Too low Just right

A small learning rate The optimal learning
requires many updates rate swiftly reaches the
before reaching the minimum point
minimum point
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Too high ‘».,\ b

Too large of a learning rate
causes drastic updates % %
which lead to divergent \ B I
behaviors '.I ’,,/
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