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1. Previous lecture recap: backpropagation, 

activations, intuition.
2. Optimizers.
3. Data normalization.
4. Regularization.
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Once again: nonlinearities



Backpropagation and chain rule
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Chain rule is just simple math: 

Backprop is just way to 
use it in NN training.

source: http://cs231n.github.io

http://cs231n.github.io/neural-networks-3/


Optimizers
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Stochastic gradient descent is used to optimize NN parameters.

source: http://cs231n.github.io/neural-networks-3/

http://cs231n.github.io/neural-networks-3/


Optimizers
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There are much more optimizers: 

● Momentum
● Adagrad
● Adadelta
● RMSprop
● Adam
● …
● even other NNs 

source: link

https://2.bp.blogspot.com/-q6l20Vs4P_w/VPmIC7sEhnI/AAAAAAAACC4/g3UOUX2r_yA/s1600/s25RsOr%2B-%2BImgur.gif


Optimization: SGD
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Averaging over mini batches => noisy 
gradient

source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


First idea: momentum
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Simple SGD

SGD with momentum

source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


Nesterov momentum

9
source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


Comparing momentums
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source: 
https://ruder.io/content/images/2016/09/contours_evaluation_optimizers.gif

https://ruder.io/content/images/2016/09/contours_evaluation_optimizers.gif


11source: 
https://ruder.io/content/images/2016/09/saddle_point_evaluation_optimizers.gif

https://ruder.io/content/images/2016/09/saddle_point_evaluation_optimizers.gif


Second idea: different dimensions 
are different
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Adagrad: SGD with cache



Second idea: different dimensions 
are different
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Adagrad: SGD with cache

Problem: gradient fades with time



Second idea: different dimensions 
are different
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Adagrad: SGD with cache

RMSProp: SGD with cache with exp. Smoothing

Slide 29 Lecture 6 of Geoff Hinton’s Coursera class 
http://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf

http://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
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source: https://imgur.com/a/Hqolp#NKsFHJb

https://imgur.com/a/Hqolp#NKsFHJb


Adam
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Let’s combine the momentum idea and RMSProp normalization:

Actually, that’s not quite Adam. 

Adam full form involves bias correction term. See 
http://cs231n.github.io/neural-networks-3/ for more info.

http://cs231n.github.io/neural-networks-3/


Comparing optimizers

17source: 
https://joshvarty.com/2018/02/27/ltfn-7-a-quick-look-at-tensorflow-optimizers/

https://joshvarty.com/2018/02/27/ltfn-7-a-quick-look-at-tensorflow-optimizers/
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source: https://twitter.com/karpathy/status/801621764144971776

https://twitter.com/karpathy/status/801621764144971776


Once more: learning rate
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source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


Sum up: optimization
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● Adam is great basic choice
● Even for Adam/RMSProp learning rate matters
● Use learning rate decay
● Monitor your model quality
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source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


Data normalization
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source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


Data normalization
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source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


Weights initialization
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● Pitfall: all zero initialization.



Weights initialization
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● Pitfall: all zero initialization.
● Small random numbers.



Weights initialization
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● Pitfall: all zero initialization.
● Small random numbers.
● Calibrated random numbers.



Batch normalization
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Problem:

● Consider a neuron in any layer beyond first 
● At each iteration we tune it's weights towards better loss function 
● But we also tune it's inputs. Some of them become larger, some – smaller 
● Now the neuron needs to be re-tuned for it's new inputs



Batch normalization
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TL; DR:

● It's usually a good idea to normalize linear model inputs 

         (c) Every machine learning lecturer, ever



Batch normalization
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● Normalize activation of a hidden layer 

(zero mean unit variance)

● Update     with moving average while training



Batch normalization
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Original algorithm (2015)



Batch normalization
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Original algorithm (2015)

What is this?



Batch normalization
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Batch normalization
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Batch normalization
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Original algorithm (2015)

What is this?

This transformation 
should be able to 
represent the identity 
transform.



Batch normalization
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accuracy

number of training steps

source: https://arxiv.org/pdf/1502.03167.pdf

https://arxiv.org/pdf/1502.03167.pdf


Problem: overfitting
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Regularization
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Adding some extra term to the loss 
function. 

Common cases:

● L2 regularization: 
● L1 regularization:
● Elastic Net (L1 + L2):

source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


Regularization: Dropout
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Some neurons are “dropped” during 
training.

Prevents overfitting.



Regularization: Dropout
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Some neurons are 
“dropped” during 
training.

Prevents overfitting.

Actually, on test case output should be normalized. See sources for more info.



Regularization: data augmentation
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source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


Regularization: data augmentation

41
source: http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf

http://cs231n.stanford.edu/slides/2017/cs231n_2017_lecture7.pdf


Sum up: regularization
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Regularization: 

● Add some weight constraints
● Add some random noise during train and marginalize it during test
● Add some prior information in appropriate form



Revise
1. Previous lecture recap: backpropagation, 

activations, intuition.
2. Optimizers.
3. Data normalization.
4. Regularization.



Thanks for attention!
Questions?


