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What is an 
artificial neuron ?

Σ

McCulloch and Pitts (1943) A logical calculus of the ideas immanent in nervous activity. Bull Math Biophys 5:115-133
Rosenblatt (1958) The perceptron: a probabilistic model for information storage and organization in the brain. Psychol Rev 65(6):386-408
Widrow and Hoff (1960) Adaptive Switching circuits.  WESCON Convention record part IV: 96-104 

Activation function



  

And then we add layers (the “Deep”)

Rosenblatt (1958) The perceptron: a probabilistic model for information storage and organization in the brain. Psychol Rev 65(6):386-408



  

 
comparison

training set
one set 
of inputs

one set 
of true
outputs

Update of
parameters Minimising

loss function

And then the “Learning”

Widrow and Hoff (1960) Adaptive Switching circuits.  WESCON Convention record part IV: 96-104
S Amari (1967). A theory of adaptive pattern classifier. IEEE Transactions. EC (16): 279–307
S Linnainmaa (1970-1976). The representation of the cumulative rounding error of an algorithm as a Taylor expansion of the local rounding 
errors (Masters). University of Helsinki. p. 6–7.
P Werbos (1971-1982) Applications of advances in non-linear sensitivity analysis. LNCIS 38: 762-770

 



  

Error backpropagation one layer at a time

 



  

Error backpropagation one layer at a time

 



  

Error backpropagation one layer at a time

 



  

Error backpropagation one layer at a time

 



  

Error backpropagation one layer at a time

 



  

Output nodes (excl. EncoderDecoders)

(Linear) regression: Identity. The ouput values are 
linear combinations of the penultimate layer (plus bias)

Two classes-classification: logistic function. 
Only 1 neuron! (                    )

Three or more classes-classification: Softmax
→ Pseudo-probabilities, i.e., N neurons, not N-1
     think about it when one-hot encoding. 

2 7.3905 156.85 0.047410 1

5 148.41 156.85 0.952269 1

-3 0.0498 156.85 0.000319 1

Softmax does NOT
keep proportionality.
It sharpens the decision.



  

Categorical values

DNA sequence: AGGTCCGATTAGACTA

Solution 1: associate a number with each nucleotide:

                          0113221033010230

Problem: Values are ranked. 1 thymidine is worth 3 guanosines, while 1 cytosine is 
worth 2 guanosines. What does than mean? And this is different is we choose 1234 
instead of 0123. 

Another example: maternal income classes of the finishNFBC86 cohort
1, Receives maternity benefit / parental benefit 
2, Is at home, receives support of home care 
3, Is at wage work / entrepreneur 
4, Is unemployed, receives benefit for unemployment 
5, Is in early / sickness / unemployment / retirement pension 
6, Is student, receives financial aid to students 
7, Is full-time mother without incomes

No relationship between class code 
and actual income: But 



  

One-hot encoding for categorical values

A G G T C C G A T T A G A C T C

A 1 0 0 0 0 0 0 1 0 0 1 0 1 0 0 0
G 0 1 1 0 0 0 1 0 0 0 0 1 0 0 0 0
C 0 0 0 0 1 1 0 0 0 0 0 0 0 1 0 1
T 0 0 0 1 0 0 0 0 1 1 0 0 0 0 1 0

Each input is now a vector, 
each value being associated to its own weight



  

One-hot encoding for categorical values

A G G T C C G A T T A G A C T C

A 1 0 0 0 0 0 0 1 0 0 1 0 1 0 0 0
G 0 1 1 0 0 0 1 0 0 0 0 1 0 0 0 0
C 0 0 0 0 1 1 0 0 0 0 0 0 0 1 0 1
T 0 0 0 1 0 0 0 0 1 1 0 0 0 0 1 0

A G G T C C G A T T A G A C T C

A 1 0 0 0 0 0 0 1 0 0 1 0 1 0 0 0
G 0 1 1 0 0 0 1 0 0 0 0 1 0 0 0 0
C 0 0 0 0 1 1 0 0 0 0 0 0 0 1 0 1

Or even

For input, not outputs! (remember, softmax are pseudo-probabilities. Sum is 1)

(if not A, not G, not C...)



  

How about analysing images?

FR DE
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Problem: parameter explosion
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9 x 3 x 14 + 14 x 7 + 7 = 483 weights
for an image of 9 pixels!

Most of them are useless since most
pixels are identical. We want to 
recognise vertical vs horizontal 
boundaries, and 3 colours



  

Problem: lack of translation invariance 



  

Convolutional Neural Networks (CNN)

Find features, no matter
their size, no matter
where in the image, and
use these features 
to recognize, classify, predict 



  

Convolutional neural networks: local correlations between inputs
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1 bias per 
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Fukushima K (1979) Neural network model for a mechanism of pattern recognition unaffected by shift in position
—Neocognitron. Trans. IECE, J62-A(10): 658-665



  

Convolutional neural networks: local correlations between inputs
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Convolutional neural networks: local correlations between inputs
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Convolutional neural networks: local correlations between inputs

-1

0

1

X

X

X

+

-1

-1

-1

-1

1

1

-1

x1

x2

x3

x4

x5

x6

x7

x8

x9

x10

w1

w2

w3

Convolution kernel: 
same weights are shifted

X

X

X

+

b1

z1

z2

z3

z4

z5

z6

z8

z9

z1 = x1×w1+x2×w2+x3×w3+b 

1 bias per 
output neuron

-1

-1

-1

-1

-1

1

1

1

1

1



  

Convolutional neural networks: local correlations between inputs
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Adding ReLU (Rectified Linear Unit)
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Adding ReLU (Rectified Linear Unit)
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domain boundaries



  

Adding ReLU (Rectified Linear Unit)

Remember backpropagation?

- Derivatives easy to compute
- Less subject to the 
  “vanishing gradient problem”
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2D convolution



  

2D convolution

Detection of local features,
such as edges, orientation,
colour gradients, etc



  

Example of feature detection: vertical edges

https://setosa.io/ev/image-kernels/
NB: here, we provide the kernel. 
In CNNs, the kernel is learned



  

Convolution “erodes” the image



  

Padding to avoid erosion



  

Stride to speed up processing (and erosion)

Stride = 1

Stride = 2



  

Downsampling: Max/average pooling



  

Real example: VGG

Simonyan K, Zisserman A (2014). Very Deep Convolutional Networks for Large-Scale Image Recognition. ICLR 2015
https://arxiv.org/pdf/1409.1556

138M parameters
https://huggingface.co/timm/vgg16.tv_in1k



  

Decreasing size, increasing feature number

Simonyan K, Zisserman A (2014). Very Deep Convolutional Networks for Large-Scale Image Recognition. ICLR 2015
https://arxiv.org/pdf/1409.1556

138M parameters
https://huggingface.co/timm/vgg16.tv_in1k



  

Hugging face



  

Reusing models without full retraining



  

Transfer learning

New task
New head

New task
New head

Existing model Existing model

New 
input

New 
input

Adapted from



  

Upsampling



  

Examples: tumour detection

Latent space; here, a vector 
that contains all the information 
we want and only that



  

Everything is an image: DNA sequences to images



  

Everything is an image: Time series to images

Wang and Oates (2015) Spatially Encoding Temporal Correlations to Classify Temporal Data Using Convolutional Neural 
Networks. arXiv:1509.07481v1
Zhang et al (2019) Automated Detection of Myocardial Infarction Using a Gramian Angular Field and Principal Component 
Analysis Network. IEEE Access, 7:171570-171583. doi:10.1109/ACCESS.2019.2955555

NB: GASF = Gramian Angular Summation Field
       GADF = Gramian Angular Differential Field



  

CNNs do not stop at 2D

3D input data

3D kernel

3D output



  

CNNs do not stop at 2D

3D input data

3D kernel

3D output

Colour images are not dealt 
with 3D CNNs.
Each colour is dealt with a 
separate 2D kernel



  

CNNs overfit too



  

CNNs overfit too

Tulio Ribeiro M, Singh S, Guestrin C (2016) "Why Should I Trust You?": Explaining the Predictions of Any Classifier. 
KDD '16: Proc 22nd ACM SIGKDD Intl Conf Knowledge Discov Data Mining, 1135 – 1144
https://arxiv.org/pdf/1602.04938
NB1: This paper introduced the Lime algorithm.
NB2: They hand-picked the dataset so the model overfitted (the point of the experiment was to evaluate the trust
put in the model by observers, before and after they were given the explanation)  

Predicted: Wolf
True: Husky

Explanation of 
the decision:
The network
recognises the snow...

https://arxiv.org/pdf/1602.04938


  

Embeddings (“plongement”)

Values in reference frame A
m vectors from a dictionary of n

(i.e. n  coordinates) 

Values in reference frame B
m’ vectors from a dictionary of o

(i.e. o coordinates) 

Embedding from a space with n  dimensions
            into a space of o dimensions



  

Embeddings (“plongement”)
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Embeddings (“plongement”)
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In the embedding space, the vector going from woman to father is equal to the vector going from woman to man 
plus the vector going from woman to mother 



  

A PCA is an embedding

G1

G2

G3

G4

...
Gi
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GN
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PCj

...
PCM

Coordinates = N genes Coordinates = M principal components



  

DL: layer to learn the embedding



  

There can be several embeddings

Segment

Source: https://tinkerd.net/blog/machine-learning/bert-embeddings/



  

Deep CNNs are embedding the images

input 
image

6 nearest neighbours in 
the 4096 dimension space

Krizhevsky A, Sutskever I, Hinton GE (2012)
ImageNet Classification with Deep
Convolutional Neural Networks
https://proceedings.neurips.cc/paper/2012/file/
           c399862d3b9d6b76c8436e924a68c45b-Paper.pdf

(presenting AlexNet, the first Deep Convolutional Network)

https://proceedings.neurips.cc/paper/2012/file/


  

Encoder-decoder

Embedding in the feature space
Similar images will be close



  

Encoders and decoders can be anything

Pavlopoulos et al (2022)
doi:10.1007/s10115-022-01684-7



  

Learn by itself: AutoEncoder

Direct comparison
=

Unsupervised learning



  

AutoEncoder ~ dimension reduction

If you know the vector A, 
you can reconstruct all the x
with the weights on the right.
Same weights for all Xs! 
All the meaningful variability 
is now contained in the A



  

AutoEncoder ~ dimension reduction

If you know the values A, 
you can reconstruct all the x
with the weights on the right.
Same weights for all Xs! 
All the variability is now in the As



  

Variational Auto Encoder (VAE)

  Input       Output



  

Variational Auto Encoder (VAE)

“Reparametrisation trick”
Upon learning,    and 
are guaranteed to be 
mean and standard deviation
of a multi-dimensional normal
distribution 

  Input       Output



  

Variational Auto Encoder (VAE)

  Input       Output

Generative model



  

CustOMICS

Benkirane, H., Pradat, Y., 
Michiels, S., Cournède, P. H. (2023). 
CustOmics: A versatile deep-learning 
based strategy for multi-omics integration. 
PLoS Computational Biology, 
19(3), e1010921.



  

Learning by trying to trick itself:
Generative Adversarial Network (GAN)

The Generator gets ever
better at generating good fakes
The Discriminator gets ever
better at detecting them



  

GAN for synthetic data



  

GAN for segmentation

Tjio, G., Li, S., Xu, X., Ting, D.S.W., Liu, Y., Goh, R.S.M. (2019). 
Multi-discriminator Generative Adversarial Networks for Improved Thin Retinal Vessel Segmentation. 
In: Fu, H., Garvin, M., MacGillivray, T., Xu, Y., Zheng, Y. (eds) Ophthalmic Medical Image Analysis. OMIA 2019. 
Lecture Notes in Computer Science(), vol 11855. Springer, Cham. https://doi.org/10.1007/978-3-030-32956-3_18



  

GAN can be built out of any DL architecture



  

GAN can be built out of any DL architecture
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