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The Deep Learning Revolution

Before DNN: 25% ⇒ After DNN 17%  
2012: 17% ⇒ 2015: 3.5% 

 

Deep Neural Networks solved the image classification problem (on the test 
datasets)

Human level: 5.1%-2.4% [7b] 

Computer Vision

ImageNet challenge: 
14 million images 
20’000 categories



The Deep Learning Revolution



Natural Language Processing

• Classification 
• Translation 
• Summarization 
• Generation 
• Speech Recognition 
• Text completion 

https://talktotransformer.com/

Forecasting

Stock Wind Power 

The Deep Learning Revolution



Architectures

https://towardsdatascience.com/the-mostly-complete-chart-of-neural-networks-explained-3fb6f2367464

Many types of network exist 
• Fully Connected Neural Networks 
• Convolutional Neural Networks (CNN) 
• Recurrent Neural Networks (RNN)

y = F(x, w), ℝn0 → ℝnL

InputOutput
Weight 

All have the same general structure:

Given enough neurons in a layer and 
sufficient data, an multi layer ANN can 
approximate any function from  to x y
Cybenko 1989, Hornik1991

They are universal function approximators:



For each layer 
1. Input  is weighted by  
2. Summed 
3. Activation function  is applied
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φ

Architecture: 2-layer network

Map Input to First Layer 
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Compact Notation 
    y(x; w) = φ2 (W2φ1 (W1x))



Architecture: L-layer network

Same Idea as before, giving y(x; w) = φL (WLφL−1 (WL−1φL−2 (⋯W2φ2 (W1x))))



Activation Functions



Training
Goal: update the weights  such that the output  given an input  matches a target  
Given: dataset 

w yn xn ŷn
d = {xn, ŷn}

Forward Pass

Backward Pass

Steps: 
1. Build a model , initialise the weights 

 
2. Perform the forward pass, i.e. produce the output  

for all  in the dataset 
3. Compute the loss with respect to the target 

 

4. Perform the backward pass, i.e. update the weights 
5. Repeat until you reach a minimum.

y(xn, w)
w = {W1, W2, …, WL}
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We update weights using gradient descent: 

    w(k+1) = w(k) − η∇wE (w(k))

Gradient Descent / Backpropagation
error
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Rewrite the gradient in terms of  : 

    

Thus, we can use information ( ) from the forward pass
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 In the written exercise you are asked to explore this in more detail→



Notebooks
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Question 1: Monte Carlo Sampling Pseudocode



Question 1: Inverse Transform Sampling



Question 1: Inverse Transform Sampling



Notebooks


