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History of Deep Learning



4



XOR problem
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This 2-layer NN (on the left) implements XOR 
with only x1 and x2 features.

1-layer NN also can succeed, but only with extra 
feature x1*x2.

AND       OR   XOR(with x1*x2)      XOR 
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AlexNet, 2012

LeNet-5, 1998
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Real world applications
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GANs, 2014+
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https://thispersondoesnotexist.com/

https://thispersondoesnotexist.com/
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Transformer, BERT, GPT-2 and more, 
2017+
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Deep Learning: intuition



Logistic regression
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Problem: nonlinear dependencies
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Logistic regression (generally, linear model) need feature engineering to show good 
results. 

And feature engineering is an art.



Classic pipeline
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Handcrafted features,  generated by experts.



NN pipeline
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Automatically extracted features.



NN pipeline: example
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E.g. two logistic regressions one after another.

Actually, it’s a neural network.



Activation functions: nonlinearities
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Some generally accepted terms
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● Layer – a building block for NNs : 
○ Dense/Linear/FC layer: f(x) = Wx+b
○ Nonlinearity layer: f(x) = σ(x)
○ Input layer, output layer 
○ A few more we will cover later 

●  Activation function – function applied to layer output 
○ Sigmoid
○ tanh
○ ReLU
○ Any other function to get nonlinear intermediate signal in NN

●  Backpropagation – a fancy word for “chain rule”
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Actually, networks can be deep
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And deeper...
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Much deeper...

How to train it?



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/neural-networks-3/


Backpropagation



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/neural-networks-3/


Backpropagation example
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source

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


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


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


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


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


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


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


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


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


Backpropagation example
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source

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


Backpropagation and chain rule

40

Chain rule is just simple math: 

Backprop is just way to 
use it in NN training.

source

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


Backpropagation example

41
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source

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


Backpropagation: matrix form

42
source

https://explained.ai/matrix-calculus/


Backpropagation: matrix form
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source

https://explained.ai/matrix-calculus/


Backpropagation: matrix form
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source

https://explained.ai/matrix-calculus/


Gradient optimization

45

Stochastic gradient descent (and 
variations) is used to optimize NN 
parameters.

source

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


Activation functions



Once more: nonlinearities
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Activation functions: Sigmoid

48

● Maps R to (0,1)
● Historically popular, one of the 

first approximations of neuron 
activation

Problems:

● Almost zero gradients on the 
both sides (saturation)

● Shifted (not zero-centered) 
output

● Expensive computation of the 
exponent



Activation functions: tanh
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● Maps R to (-1,1)
● Similar to the Sigmoid in other 

ways

Problems:

● Almost zero gradients on the 
both sides (saturation)

● Shifted (not zero-centered) 
output

● Expensive computation of the 
exponent



Activation functions: ELU
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● Very simple to compute (both 
forward and backward)

○ Up to 6 times faster than 
Sigmoid

● Does not saturate when x > 0
○ So the gradients are not 0

Problems:

● Zero gradients when x < 0
● Shifted (not zero-centered) 

output



Activation functions: ELU
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● Very simple to compute (both 
forward and backward)

○ Up to 6 times faster than 
Sigmoid

● Does not saturate when

Problems:

● Shifted, but not so much 
output



Activation functions: ELU
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● Similar to ReLU
● Does not saturate
● Close to zero mean outputs

Problems:

● Requires exponent 
computation



Activation functions: sum up
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● Use ReLU as baseline approach
● Be careful with the learning rates
● Try out Leaky ReLU or ELU
● Try out tanh but do not expect much from it
● Do not use Sigmoid



Fancy neural networks
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Shakespeare

RNN
Algebraic Geometry 

(Latex)
Linux kernel (source code)

source

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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source

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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source

http://karpathy.github.io/2015/05/21/rnn-effectiveness/


CNN:Convolutional layer and visual 
cortex

58[From Yann LeCun slides]



CNN:Convolutional layer and visual 
cortex
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source

https://habr.com/ru/post/370541/
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Don’t miss the interactive playground

source

https://playground.tensorflow.org/
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Outro

62

● Neural Networks are great 
○ Especially for data with specific structure

● All operations should be differentiable to use backpropagation mechanics
○ And still it is just basic differentiation

● Many techniques in Deep Learning are inspired by nature
○ Or general sense

● Do not hesitate to ask questions (and answer them as well)

More materials for self-study: link

http://github.com/girafe-ai/ml-mipt/blob/master/extra_materials.md


Backup



Optimizers
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Stochastic gradient descent (and 
variations) is used to optimize NN 
parameters.

source

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 



Optimization: SGD
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Averaging over minibatches ->noisy gradient

source

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


Nesterov momentum
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source

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


Comparing momentums
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source

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


Second idea: different dimensions are 
different

70

Adagrad: SGD with cache



Second idea: different dimensions are 
different

71

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
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source

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


Adam

74

Let’s combine the momentum idea and RMSProp normalization:

Adam full form involves bias correction term. See link for more info.

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


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 link for more info.

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


Comparing optimizers
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source

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


Once more: learning rate
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source

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


Sum up: optimization

78

● 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


80



Revise
1. Neural Networks in different areas. 

Historical overview.
2. Backpropagation.
3. More on backpropagation.
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5. Playground.



Thanks for attention!
Questions?


