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Topics: stochastic gradient descent (SGD)
• Algorithm that performs updates after each example
‣ initialize           (                                                                    )

‣ for N iterations
- for each training example

✓  

✓  

• To apply this algorithm to neural network training, we need
‣ the loss function

‣ a procedure to compute the parameter gradients

‣ the regularizer             (and the gradient                 )

‣ initialization method
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• Supervised learning example: (x, y) x y

• Training set: Dtrain
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Machine learning

• Supervised learning example: (x, y)

• Training set: Dtrain = {(xt, yt}

•

2

training epoch 
=

iteration over all examples
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Topics: loss gradient at hidden layer

• ... this is getting complicated!!

...
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Topics: chain rule
• If a function        can be written as 

a function of intermediate results
then we have:

•We can invoke it by setting
‣     to a unit in layer 

‣          to a pre-activation in the layer above

‣          is the loss function ...
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Topics: loss gradient at hidden layers
• Partial derivative:
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Topics: loss gradient at hidden layers
• Gradient:
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Topics: loss gradient at hidden layers
              pre-activation
• Partial derivative:
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Topics: loss gradient at hidden layers
              pre-activation
• Gradient:
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