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regression model
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The local rule The graph lets
us Think about 3 Things for
each node

1 ITS inputs
2 ITS OUTPUT S

3 The derivative of 2 W.r.T 1

Consider node c We saw 3

Operations above
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Let's go Backwards fracpartialfpartialf1
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We'll do more next Time

see notebook



We have been considering Scalars

but in general Should Think

of Tensors
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Gradient shapes

fracpartialLpartialW Will have same shape
as W
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Still
incoming

x local but have

To be careful with dimensions
More on this next lecture

Note That This can be

assembled dynamically 1 e

before a forward pass

In Code each block is a

Module which is a class

We can chain These together


