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https://colab.research.google.com/drive/1wTS7NIob52DLTdhGiEcqtDKmjJufPKj3?usp=drive_link
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reate the landscape
np.linspace(-3
np.linspace(-3,3, 28

peaks(x,y)

# let's have a look!
plt.imshow(z,extent=[x[8],x[-1],v[@],y[-1]],vmin=-5,vmax=5,origin="1ower"}
plt.show()
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# initialize random weight and params

X = torch.tensor(-1, dtype=torch.float32 ,requires_grad=True)
¥ = torch.tensor(-2, dtype=torch.float32,requires grad=True)
learning rate = 8.81

# init optimizer
optimizer = torch.optim.5GD({[X,Y], lr=learning rate)

epoch in range (1888):
F Forward
= Peaks(X,Y)

t bacward - calculate grads
.backward()

# optimize wights
optimizer.step()

if epoch % 188 ==
print{f"epoch= {epoch} \t X,¥ = {X.item():.3f}, {Y.item():.3f} “\t Z={Z:.3F} Nt X _grad, Y_grad= {X.grad:.3f} , {Y.grad:.3f}")

# zero wights
optimizer.zero grad()

print(f"End X,¥ = {X.item():.3f}, {¥.item():.3f} Z={Z:.3f}")
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C.imshow( 1],v[@],y[-1]],vmin=-5,vmax=5,origin="1lower")
c.plot(X.item(), Y.item(), '™ ", color="red")
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C.show()
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* Learning_rate =0.1; X=0; Y = 1.5 N\ \"'.
* Learning_rate=0.1; X=0; Y =2 " AN\
* Learning_rate = 0.01; X=0;Y =-1 ; \ N e

* Learning_rate =0.01; X=-2; Y=0 — A\

e Learning rate=0.5; X=-2;Y=0 B '

pabale N /
\\\ .
' d

2 . ' ,\ :
f(x,y) =X-€ &7y 'NAN QAN v Dm']'n'\ NI nN m:m o\

n"‘m'n 1T D'9027 nmml‘r o \
"y . \{!

|
= | /
S \' B! /
\B /

/


https://machinelearningmastery.com/2d-test-functions-for-function-optimization/
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