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Convolutional Neural Networks

• Specialized Neural Network for data arranged on a grid 
• Images
• DNA sequences
• …
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Types of layer in CNN

• Convolution (CONV) 

• Pooling (POOL) 

• Fully connected (FC)

• Usually multiple CONV 
layers followed by a 
POOL layer, and FC 
layers in the last few 
layers
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Convolution Layer (CONV)
• Convolution transforms an input volume into an output volume of different size, also called 

feature map

• Filter kernels are used to detect features (for example, edge detection in 1st hidden layer)

𝑛×𝑛 image          𝑓×𝑓 filter              out = 𝑛 − 𝑓 + 15



Convolution Layer (CONV)

https://cs231n.github.io/convolutional-networks/
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-2

-1
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N.B. this example the stride = 2, padding = 1, channels = 2

Hyperparameters:
- Filter size
- Number of filter sets (channels)
- Padding
- Stride
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Padding
Adds zeros around the border of an image

Use cases : 

• Keeps more information at the border of an image

• Allows to use a CONV layer without shrinking the height 
and width of the volumes (important for deeper networks)



Strided convolutions
By how much you move the filter
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Illustration

9https://hannibunny.github.io/mlbook/neuralnetworks/convolutionDemos.html



Pooling Layer (POOL)

• reduces the spatial dimension (nH and nW) to decrease computational 
power
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Get the max value Get the average value



11

Look

https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-the-eli5-way-3bd2b1164a53


Object Detection
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Yolo (YOu Look only Once)
• define a grid in the image
• apply the training to each cell (need ground-truth bounding boxes)
• For each ‘anchor box’ and 3 classes we have: 
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• Allows for overlapping objects



YOLO prediction 
visualisation
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• Filter the boxes using : 
1) score thresholding
2) non-max suppression



Score Thresholding

• Throw away boxes that have detected a class with a score less than 
the threshold (0.6 for example)
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0.05

0.95



Non-max suppression
• ensures that an object is detected only once
• Choice based on the pC value : keep the largest pC output and discard any 

remaining box with IoU>0.5 
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Intersection Over Union (IOU)

• performance metric on how similar two boxes are with each other
• (higher the better!)
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Outcome of the algorithm 

True bounding box

IoU



Intersection Over Union (IOU)
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Yellow = intersection I
Green = union U

IoU = I/U

Can express this as:

TP / (TP + FN + FP)

[see also, Jaccard Index]



Generative 
Models
Holy grail of Deep Learning 
these days
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Generative Models Examples
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GauGAN

DeepBach

http://nvidia-research-mingyuliu.com/gaugan/
https://www.youtube.com/watch?v=QiBM7-5hA6o
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Generative 
Adversarial 
Network
Invented by Ian Goodfellow

27Christie’s New York 2018

How much are you 
ready to pay for it ? 



Principle
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Principle

29https://youtu.be/-Zi5SReze6U



Principle

30https://youtu.be/-Zi5SReze6U

Step 1: Train Discriminator and ‘Freeze’ Generator parameters
Step 2: Train Generator and ‘Freeze’ Discriminator parameters



Principle
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Step 1: Train Discriminator and ‘Freeze’ Generator parameters
Step 2: Train Generator and ‘Freeze’ Discriminator parameters



Principle

32https://youtu.be/-Zi5SReze6U

Step 1: Train Discriminator and ‘Freeze’ Generator parameters
Step 2: Train Generator and ‘Freeze’ Discriminator parameters



Principle
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GAN use case : generate images
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State Of The Art in GANs

35



Adversarial Principles are Widely Applicable
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• Fairness / Privacy Preservation
• Disentanglement



Variational 
AutoEncoder

37VQ-VAE (2) (van den Oord et al. 2017, Razavi et al. 2019)
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VAE use cases 
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- Data generation
- Latent variable modeling
- Density estimation
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Tutorial / Practical
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