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Prerequisites

• Neural Networks
• Backpropagation

• Optimization
• Basic algorithms e. g. Gradient Descent

• Regularization (L1, L2 norm, Dropout, Early Stopping)
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What is deep?

• First there was the perceptron
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What is deep?

• First there was the perceptron • If f(x) = x 
-> Linear Regression

• 1 hidden layer
-> can approximate any function

• Why would we want more?
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What is deep?

• Fully Connected Networks (FCN)
Advantages:

• Represent Feature Hierarchy

• Can be faster to train

• Potentially less connections

Disadvantages:
• No prior knowledge induced

• Still many connections
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Convolutional Neural Network (CNN)

• Convolution Operation

• Applies same kernel (filter) over whole input space

• Computed efficiently on GPU
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Convolutional Neural Network (CNN)

• CNNs: 
• Idea: Use spatial dependencies to reduce connectivity and learn the kernels 

from data

• Advantages:
• Sparse connectivity

Neurons receive input only from a local receptive field (RF)

• Shared weights
Each neuron computes the same function for each RF 

• Pooling
Predefined function instead of learnt weights for some layers
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Convolutional Neural Network (CNN)
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Convolutional Neural Network (CNN)

• VGG 16
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https://www.cs.toronto.edu/~frossard/post/vgg16/
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Convolutional Neural Network (CNN)

• Google’s LeNet
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Convolutional Neural Network (CNN)

[1] [2]
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Convolutional Neural Network (CNN)
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• Convolutions on text data



Recurrent Neural Network (RNN)

• Infinite depth!!

[1]
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Recurrent Neural Network (RNN)

• Different cell types
• Vanilla RNN

• Long Short-Term Memory (LSTM)

• Gated Recurrent Unit (GRU)

[1]
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Recurrent Neural Network (RNN)

• Backprop through time

[1]
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Recurrent Neural Network (RNN)

• Inputs and Outputs

[1]
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Autoencoder

• Consists of two parts:
• Encoder

• Decoder

• Tries to replicate input
• Unsupervised

• Minimizes reconstruction error 
𝑥 − ො𝑥 2

• Has to learn internal representation 
of the input
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Autoencoder

• Variational Autoencoder
• Enforces normally distributed latent space 

• Maximize 

[9]
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Autoencoder

• Variational Autoencoder
• Reparameterization trick 

[9]
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Autoencoder

• Variational Autoencoder
• Latent Space 

[9]
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Attention

• Idea: Not all features are equally important for the task at hand

• Reweight features based on current focus

[6]
29/05/19 Deep Learning, Kevin Winter 22



Attention

[7][6]
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Transformer Network

• Use Attention only for sequence to sequence modelling
(translation)

• Considerably reduced computational complexity compared to
RNNs
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Generative Adversarial Network (GAN)

• Consists of two main components
• Generator G

• Discriminator D

• Generator generates samples from random noise

• Discriminator tries to distinguish between real and generated samples

• Opposing objectives -> Minimax game

[11]

https://sigmoidal.io/beginners-review-of-gan-architectures/
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Cycle-GAN

https://hardikbansal.github.io/CycleGANBlog/ [13]
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Cycle-GAN

[13]
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Transparent-Latent-Space-GAN
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Transparent-Latent-Space-GAN

https://www.youtube.com/watch?v=O1by05eX424
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Adversarial Attacks

[5, 13]
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Transfer Learning

• One thing they (almost) all have in common
• They are huge!

• Millions of parameters

• Need lots of data and computation / time to train

• Solution
• Use pretrained models

• Replace last layer(s)

• Freeze existing layers

• Retrain with low learning
rate on your data
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Interpretability

[12]

• SHAP (Shapley Additive Explanation)
• Fit simple linear (binary) model to approximate a more complex model

• Set of methods for different models
• Shapely values

• LIME

• DeepLIFT
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Interpretability

[12]

• SHAP (Shapley Additive Explanation)
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Interpretability

https://github.com/slundberg/shap

[12]
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Interpretability

[10]
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Interpretability

[1, 14]
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Interpretability

[4]
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Frameworks

• Tensorflow (Python, Javascript, C++, R, Swift, Go)

• PyTorch (Python)

• Torch (Lua, C)

• CNTK (Python, C++, C#, Java)

• Theano (Python, MATLAB, C++)

• Keras (Python, R)
• Easy interface for Tensorflow, Theano, CNTK
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