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What is an

artificial neuron ?
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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 1V: 96-104



And then we add layers (the “Deep”)
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Rosenblatt (1958) The perceptron: a probabilistic model for information storage and organization in the brain. Psychol Rev 65(6):386-408



And then the “Learning”

Update of
parameters
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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

LeCun Y (1985) Une procédure d'apprentissage pour réseau a seuil asymétrique. Proc Cognitiva 85, 599-604.
Rumelhart, Hinton, and Williams (1986) Learning representations by back-propagating errors." Nature 323(6088): 533-536.



Error backpropagation one layer at a time
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Error backpropagation one layer at a time
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Error backpropagation one layer at a time
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Error backpropagation one layer at a time
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Error backpropagation one layer at a time
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Output nodes (excl. EncoderDecoders)

(Linear) regression: ldentity. The ouput values are

linear combinations of the penultimate layer (plus bias)

)

N
Y :Zwij'xj+bi
J

. 1
Two classes-classification: logistic function. Yi = 11 e=
Only 1 neuron! (ys = 1 — 4)
e~
Three or more classes-classification: Softmax Ui = N
— Pseudo-probabilities, i.e., N neurons, not N-1 ijl €%
think about it when one-hot encoding.
‘ N . ~ N .
Zi D L N A D Dy
2 7.3905 | 156.85 |0.047410 1 ; Eoftmax dOG;_S NCI>_tT
' eep proportionality.
o 148.41 | 156.85 |0.952269 1 / e ) It sharpens the decision.
-3 0.0498 | 156.85 |0.000319 1




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

, Receives maternity benefit / parental benefit
Is at home, receives support of home care

Is at wage work / entrepreneur No relationship between class code

Is unemployed, receives benefit for unemployment

Is in early / sickness / unemployment / retirement pension and actual income, but the ANN
Is student, receives financial aid to students does not kﬂOW N
R = E wjz-xi—l—bj
7

NN~

, Is full-time mother without incomes



One-hot encoding for categorical values

AGGTCCGATTAGACTC
A|1/0/0/0/0/0/0|1|0|0O(1|0(1|0|0|O
G0/1/1/0/0/0/1/0|0(0|0[1|0|0|0]|0
c0/0/0/0/1/1/0/0|0|0|0(0|0O(1|0|1
T 0/00/1/0/0/0/0(12|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

AGGTCICGA|TTAGAICTC
Al1/0/o/olo/olo|1/0]ol1]0]1]0l0]0
G/o|1]1/0/olo|1]|0]0lo]0|1|0]0]00
clolololo[1]1|0|0|0l0]0l0|0]1]0|1
t/0/0/o/1]/0]0lo]0[1|1]|0]0l0]0[1|0

AGGTCCGATTAGAICTC

Or even a/1/0/0/olo/olo|1/0]o[1]0]1]0l0]0
(full rank matrix) |G|o|1|1/0/0|o|1|0/ololo|1/0[0]0]0] (ifnotA, notG, not C,
clolofo[o/1/1/0lololojoojo|10[z fhenitisaT.)

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



How about analysing images?
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How about analysing images?
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How about analysing images?
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Problem: parameter explosion
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B,3,3

9x3x14+14x7+7 =483 weights
for an image of 9 pixels!

[1 FR?

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



Problem: lack of translation invariance

MLP Prediction=7 MLP Prediction=7 MLP Prediction =2 MLP Prediction =&

Centered Shifted



Convolutional Neural Networks (CNN)

(3) —— Kernell : s
28x28x1 — P / --///

i
e A |
{ Kernel2 & z . .
& =i = =1
Input | —» e —r | E — | Output
Kernel3 ;
: 14 ) Recognition rate

. / PC:97%
PCK:91%

Kerneld

| Find features, no matter
i their size, no matter

S —— S where in the image, and
i use these features
/’ z to recognize, classify, predict
V

Conv maxpooling FC

i i i
(€) 1 comv_t (1,4, 22> ) 1

| Conv_2 (4,6, (55))

1 Conv_3 (6,16, (55) ) |

| FCI (16%5%5,120) :

| FC2 (120,84) I

| FC3 (84,10 :




Convolutional neural networks: local correlations between inputs

b 1 bias per
1| output neuron

Xa —(X)— w \J\

X2 —(X)— W2 + Z1
o oo—twl [z
X4 Z3
X5 @ Z4
X6 Zs

Convolution kernel:
X7 same weights are shifted | z,

Xs Zs
Xo Zg
X10

21 = X1 X W1+ T X Wot+T3 X Wws+b

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

X1

b 1 bias per
1] output neuron

X2

X3

Wl\(l\
/\/

o

X4

X5

X6

Convolution kernel:

X7

same weights are shifted

Xs

X9

X10

Z1

Z>

/\J

00¢

Z3

Z4

G | | O

Zs

Zg

Zsg

Zg

21 = X1 X W1+ T X W3 X Wws+b

Z1

=—1x(=1)4+0x(=1)+1x(=1)+(-1)



Convolutional neural networks: local correlations between inputs

b, clJuti:C?uSt%ron

X1 —@ W1 \'/L 1

X2 4®7 W + Z1 -1 1
X3 4®7 W3 // Z2 -1 1 -1
X Z3 -1 4®7 -1 \L -1
X5 l Z4 -1 4@7 0) /\-I-/ 1
X6 | Convolution kernel: Zs 1 4®* 1

X7 | same weights are shifted | zg 1

Xg Zg 1 l

Xs Zg 1

X10 1

21 = T1 X W1+ To X W+ T3 X w3—+b zg=—1x(=1)4+0x (=1)+1x1+(-1)



Convolutional neural networks: local correlations between inputs

b, clJutiip?uSt%ron
X1 4@7 W1 \(L -1
X2 4@7 W2 /G/ Z1 -1 1
X3 4®7 W3 Z -1 -1
X4 Z3 -1 -1
Xs l Z4 -1 1 1
X6 | Convolution kernel: Z5 1 00— -1 \’/L 1
X7 same weights are shifted | z 1 4<:>, 0 + -1
X8 Zs 1 4@7 1 /\)
X9 Z9 1
X10 1 l

21 = T1 X W1+T2 X WatT3 X W3s+b 26 =—1x14+0x1+1x1+(-1)



Convolutional neural networks: local correlations between inputs

b1 clJutiip?uSt%ron

X1 4@7 W1 \'/L -1

X2 4@7 W2 /@ Z1 -1 1
X3 4®7 W3 Z -1 -1
X4 Z3 -1 -1
X5 l Z4 -1 1
X6 | Convolution kernel: Zs 1 1
X7 same weights are shifted | z, 1 1 1
Xs Zs 1 0 -1 \L -1
X9 Zg 1 4@7 0) + -1
X10 1 4®7 1 /\/

21 = T1 X W1+T2 X WatT3 X W3s+b zg=—1x14+0x1+1x1+(-1)



Adding ReLU (Rectified Linear Unit)
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Adding ReLU (Rectified Linear Unit)

-1
-1
-1
-1
-1
1
1
1 @[
1 @0
101

"~
/\/

RelLU
(bias=0)

O 0O/, L OO O

Returns a binary representation
(presence/absence) of the
domain boundaries



2D convolution

Center element of the kemel is placed over the
source pixel. The source pixel is then replaced
with a weighted sum of itself and nearby pixeals.

Source pixel

Convolution

Mew pixel value (deslination pixel)

ssswsshssdassissssasnas



2D convolution

Center element of the kan‘nu_a1 is,_ placed over the (0 % 0)

Source pix : . (@ % 0)
with aweighted sum of itself and nearby pixeals. 0% 1)

Source pixel

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

MNew pixel value (destination pixel) = ,



Example of feature detection: vertical edges

Sobel Kernel + 1M +
|:3 X 3:| =0 -1
+ 158 +
1 0 —1 »* 0 * -2
+ 181 +.
2 D -2 x 0 -1
1 0 -1 -

kernel:
left sobel

input image output image

NB: here, we provide the kernel.

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



Convolution “erodes” the image

Pixel Values
o|o|0|o0}|O0|O0)]|O|O
B 1 0|4 )| 2 |125/67]| 0O
0 8 2 5 4 341121 0
D |20|13|25|15|240| 2 | O
0 | 76 8 6 6 |100| 76 | O
0O |34 |66 |134|223|201| 3 | O
D |255(|123|89 |55 32| 2| 0
ojJo|o|jOo|jO0O|O]|]O]| O

=

Kernel 3 x 3 Pixels

1

2

1

2

4

2

=

Convoluted Image
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507

567

687

1312

1689

955

1061

1288

1496

1911

1659

702

1400

1480

1269
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870
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Keras

Padding: “valid”

Padding to avoid erosion

o o0 W

O W = W0

= 00 W N

Uil N 00 N

Padding: “same”

o O O © O o

oOjlw o B~ W|O

ol W = U | O

o l= 0 W N|OC

ol N ® N|O

o O O O O O

=)

55 52
57 50

19
29
42
36

26
55
57
46

46
52
50
44

22
40
43
19




Padding to avoid erosion

Keras Padding: “valid”

NB1: To make the output independent of
kernel size, we can divide the output by the
number of weights (here, 9).

o o0 W
O W = Un
= 00 W N
Uil N 00 N

NB2: For each feature, there are generally
as many kernels as layers in the image, e.g.
3 for RGB images. The outputs are

Padding: “same” averaged.

19 26 46 22

*;i; - 29 55 52 40
11 2 42 57 50 43

36 46 44 19

o O O © O o
olw o ~ WwW|O
ol W = U | O
ol 0 W N|OC
ol N ® N|O
o O O O O O



Stride to speed up processing (and erosion)

Stride=1

Stride = 2




Downsampling: Max/average pooling

Max 5
2 0 1 B FPooling

mrerage
Poaling




Real example: VGG

VGG-16 CNN Architecture

Conv-2 138M parameters
https://huggingface.co/timm/vggl16.tv_in1k

Conv-3

FC-6 FC-7 FC-8

- 4

1 x1x4096 1x1x1000

14 x 14 x 512

28 x 28 x 512

)
56 x 56 x 256 7x7x512

LA
119/% 112 x 128 @ convolution+ReLU
@ max pooling

@ fully connected+ReLU

L
224 x 224 x 64

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



Decreasing size, increasing feature number

VGG-16 CNN Architecture

Conv-2 138M parameters
https://huggingface.co/timm/vggl16.tv_in1k

Conv-3

FC-6 FC-7 FC-8

¥

1 x1x4096 1x1x1000

®x2Bx512 l:xsf
56 % 56 x 256 4 7x7x512
+ A
LA
Y lf : li8 fﬁ convolution+ReLU
EE max pooling
fﬁ fully connected+ReLU

U
224 x 224 x 64

Tt

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




* Hugging Face Models Datasets Spaces Posts Docs Solutions  Pricing ~= Login

Hugging face

NEW Al Tools are now available in HuggingChat

Other Models vgg

The Al community
building the future.

D Reset Tasks

&

amehta633/cifar-10-vgg-pretrained

@ edadaltocg/vggl6_bn_cifarlbo

we timm/vggll.tv_inlk

Computer V

A Image Classification

f
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# Models B Spaces

nvidia/NVLM-D-728B o &” o © 394
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black-forest-labs/FLUX.1-dev i
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i
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Processing

) Grecko/AQUA-vgglb-imagenet

meta-1lama/Llama-3.2-11B-Vision-Instruct

Browse 400k+ models e Browse 100k+ datasets
Browse 150k+ applications



Reusing models without full retraining

Skin Cancer Classification using VGG-16 and Googlenet
CNN Models

January 2023 - International Journal of Computer Applications 184(42):5-9

Anju, T.E., Vimala, S. (2023). Finetuned-VGG16 CNN Model for Tissue Classification of

Colorectal Cancer. In: Raj, J.S., Perikos, ., Balas, V.E. (eds) Intelligent Sustainable Systems.

IColSS 2023. Lecture Notes in Networks and Systems, vol 665. Springer, Singapore.

VGG 16 Pre-Trained Model for Early Detection of Retinal
Diseases

December 2023

DOL10.1109/SMARTGENCONG0755.2023.10442010

Conference: 2023 3rd International Conference on Smart Generation Computing,

r

Raghuvanshi S, Dhariwal 5. The VGG16 Method Is a Powerful Tool for Detecting Brain Tumors Using Deep
Learning Technigues. Engineering Proceedings. 2023; 59(1):46. https/doi.orgM1 0.3390/engproc2023059046



Transfer learning

New New task  New New task

input Feature Extraction New head input Fine Tuning New head
Frozen Pre-Trained layers L Trainable Layers from a pre-trained model

e iy Layer ri

-
1]
-
[0}
-

Existing model

Existing model

In feature extraction, you freeze the pre-trained
model layers to preserve existing learning and add
new layers to learn additional information.

In fine-tuning, you unfreeze the entire model and
train it with a lower learning rate to adapt to new
challenges.

Adapted from thuwarakesh.medium.com



Everything is an image: DNA seguences to images

One-hot RelU Activation Fully connected

encoding maps layers
A 1000 Filter 1
T 0001 —

102 4 ‘

T 0001 ‘ e n ;
c o100 NN S A1\, Output
G 0010 o N node
e 0100 Filter 2 P é .‘ -"\;'. /.|
T 0001 = L i L .“'g‘":. .\
A—1000 B § YED—
T (0001 [T} ) T R /
B 0010 o
c 01 G0 Filter 3 / (ARA
A 1000 ~4-10 % 4 . ' 3/
A 1000 | Y/
¢ [o1g L
T 1 i

S One-hot

encoding

A 1000
T 0001
:  gob4
Obtaining genetics insights from deep learning via G 001 g{ ' Canistraetsd PWH
explainable artificial intelligence s g % g :?| y
Gherman Novakovsky, Nick Dexter, Maxwell W. Libbrecht &, Wyeth W. Wasserman & & Sara Mostafavi % %_8_8_% : WACGT 15
= G 0010 . w
C 0100 : = 10
Nature Reviews Genetics 24, 125-137 (2023) | Cite this article i % 8 8 g 0.5
G 0010
T 0001 e

Pasition



N
ECG Time series
-.: . — g . - i

Everything Is an image

Polar Encoding

90

B

GADF

GASF

B e —

Input layer

. Time series to images

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

A PCA filter of
the second stage
A PCA filter of E
the first stage
i - Second stage
- First stage
o__ O

Features
- e >
Patch-mean PCA filters Patch- mean PCA filters Binary Block-wise
removal  convolution removal convolution histogram
Hidden layer Output layer

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



CNNs do not stop at 2D

3D input data

3D output




CNNs do not stop at 2D

| Colour images are not dealt
! with 3D CNNSs.

Each colour is dealt with a
separate 2D kernel

3D input data




CNNs overfit too

Explain the Prediction

Predicted: Wolf Predicted: Husky Predicted: Husky Predicted: Wolf Predicted: Wolf
True: Wolf True: Husky True: Husky True: Wolf True: Wolf

410

Predicted: Wolf Predicted: Husky Predicted: Wolf Predicted: Wolf Predicted: Husky
True: Wolf True: Wolf True: Wolf True: Husky True: Husky



CNNs overfit too

Explanation of
the decision:
The network

Predicted: Wolf )
recognises the snow...

True: Husky

Tulio Ribeiro M, Singh S, Guestrin C (2016) "Why Should | 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)


https://arxiv.org/pdf/1602.04938

Embeddings (“plongement”)

Values in reference frame A
m vectors from a dictionary of n
(i.e. n coordinates)

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

Values in reference frame B
m’ vectors from a dictionary of o
(i.e. o coordinates)



Dictionary (initial space)

& & S

0‘)0& & ¢ &(& &\&&e 6\?’(\ @O@Q’ «560\ @6\0‘ &
1/0(0|0|O0O|O0O|0O0O]|O]O
O(0|0O0O|0O0]|0O]|O 0|0
o(o|1/0j]0|0Oj0O0]O]|O
O(0|0O|1]0]|0O0 0O
ojojojoloj1(0|0]O
0 ojo0ojo0ojO0j0O0|0O]|O
O0/0|O0O|]O0O|O|]O]O0]O

ojojojof1j0(0|0]O0

Mikolov et al (2015) Linguistic Regularities in Continuous Space Word Representations In Proceedings of NAACL-HLT, pp 746—

751, Atlanta, Georgia.

Embeddings (“plongement”)

Semantics (Embedding space)

bunny

hutches

mother

woman

man

Word

> >
) () N AN

& N 2 >
$ ’b-é\& O&Z‘ 3 \Q@b é\b \\)*

& N 0 % <

hutches
0.9 07 -01 -01 0.2 -0.3
0.9 0.8 -01 -01 0.4 -01 bunny
&
0.9 06 07 -03 | -04 | -04
L3
-09 | -03 -01 -0.9 0.0 0.9
Dimensionality
Reduction
woman
0.9 01 01 0.2 0.8 -07
®
0.9 0.2 0.1 02 | -08 | -07 # mother
man_
¢
0.9 0.8 -0.9 0.9 0.8 -0.8
0.9 0.8 -07 0.9 -08 | -08
o
Vector Embedding Dimensionality 2D Visualization




Embeddings (“plongement”)

Dictionary (initial space)

\Q} 2 YR Q
0‘)0& & ¢ &(& &\&&e & @O@Q’ «560\ @6\0‘ $06&
1/0(0|]0|0O|O0O|0O0O]0O0]O bunny
O(0|0|0]0O0]|O 0O
o,0/1,0,0(0j0}|0]O
0 0 0 1 0 0 0 0 0 hutches
oOo/|0fO0j]0O0O|O|1]0(0]O0 mother
0 ojo0(o0jO0O|0|0O0]O
O O O O O 0 0 O woman
0[0[0|/0[2/0[0/0|0]| man

Word

Semantics (Embedding space)

In the embedding space, the vector going from

plus the vector going from

to mother
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A PCAis an embedding

Coordinates = N genes Coordinates = M principal components
G PC,
G2 PC.
Gs PCs
Gy > PC,
G PC,

G PCu



What is the principal component analysis (PCA)?

A Z
plot of Az s
samples //7/4%55\\
in the space /gﬁ%féif’fliii
of features //’%///'ﬁ"“,"'f
K

loadings(U)

projection

_ variance

12345
loadings: impact|of features on components PCs




What is the principal component analysis (PCA)?

S1:(G11,G1,2,...,G14) Sy

SQ : (GQ,l, G2,27 v 7G2ag)

Ss 1 (Gs,1,Gs2,---,Gs g)
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P principal components
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«++» APCp,Gy X Gs’g



DL: layer to learn the embedding

L1 w11

Y1
L2

Y2
L3

Ys



There can be several embeddings

Token
Embeddings

[CLS]
Token

hello
Token

hello

Token

world
Token

world —»

Token

[SEP]
Token

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

Position

Position

Position

Position

Position

Position

Token Type
Embeddings

Token
Type O

BERT Embedding Layer

Position
Embeddings

Normalize
Output

—

Token >
Type O

Token
Type O

Token
Type O

Token
Type O

—

—

—

Token
- S —

0.17|-0.29|----10.16
0.37|-0.01| - - - - |-0.52
0.00|0.16|----]0.36
0.60|0.76| - ---|-0.38
0.64|-0.42|----10.50
-0.32|-0.32( - - - - |-0.08




Deep CNNs are embedding the images

Krizhevsky A, Sutskever |, Hinton GE (2012)

ImageNet Classification with Deep

Convolutional Neural Networks

https://proceedings.neurips.cc/paper/2012/file/
€399862d3b9d6b76c8436€924a68c45b-Paper.pdf

(presenting AlexNet, the first Deep Convolutional Network)
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https://proceedings.neurips.cc/paper/2012/file/

Each feature neuron points towards a cluster

Violet flowers The fully connected layers
A decide which centroids the

iInput image is closer too.
Allviolets .

Equivalentto a PCAand a

Centroids clustering (k-means, k-medoids...)

—» Elephants

Halloween
pumpkins



Upsampling

Nearest
Neighbor

4x4 input
2x2 output 2x2 input
Mi:x - Further
pooling Network
Processing
oy ‘.-‘. i
b =
- Sy
oy ~ i
il
S
Memory of e ——

Max locations

Max
Unpooling




Encoder-Decoder (example: tumour detection)

This vector (embedding in
the latent space) contains
all the information we need

224x224 l 224x224

Unpooling

\_\_\Bnpoollng
\Unpooling !
npooli




Encoders and decoders can be anything

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

Test

Image
representation

Nextword

H —  Encoder —

Human-authored
Report
(for evaluation only)

“<START>"

* No change. No
visible active
cardiopulmonary
disease...”

<505> "the cat is black"
[ 00 42 82 16 04 ] =

"le chat est noir" <E05>
[ 02 85 03 12 99 ]

f T 1T 7 %
Decoder

T 1. 1T 1 1

Encoder » Context

L

L T L] L] L]

[ 42 82 16 04 99 ]
"the cat is black” =E0==

“No™

Generated report

“No significant
focal
consolidation.
Heart size
normal. ...”

(

| Evaluation




Learn by itself: AutoEncoder

Encoder Decoder

Latent
Representation

Direct comparison
> = <<

Unsupervised learning




AutoEncoder ~ dimension reduction

Input layer Hidden layer Output layer

If you know the vector A,
you can reconstruct all the x
with the weights on the right.
r . Same weights for all Xs!

/ All the meaningful variability
7
o7y

“bottleneck”

A

D X

i X> ' | IS now contained in the A
P a0
s S



Input layer

AutoEncoder ~ dimension reduction

Hidden layer

“bottleneck”

Output layer

7R3

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

Linear vs nonlinear dimensionality reduction




Variational Auto Encoder (VAE)

Mean
HEMHH&HMM za #fffffff#
ENCODER il DECODER %
S —— ez 177 mkig) [ X
A
IHPU'[ / Lgtsaa;':f.\ll’:gtor\ OUtpUt
Variance or
Standard Deviation
Sample a point from G(Z,,, Z, ) Z,u
Z=pt+oQ@e
e ~N(0,1)
7z Laﬁant
o Pistribution
Latent-Variables to

follow a Standard Normal Distribution




Variational Auto Encoder (VAE)

Mean
\ Zﬁ /
ENCODER il DECODER 5
L Py(2|X) [ M pXz [ X
Zy
Input / Lﬂs:::ﬁ:gmr\ Output
Variance or
Standard Deviation
L . Sampl intfrom G(Z,,, Z,
“Reparametrisation trick” SRS 8 DM TN 1 s Zy
Upon learning, (4 and o Z=p+o@e
are guaranteed to be e ~N(0,1)
mean and standard deviation
of a multi-dimensional normal 7 Latent
distribution 7 Pistribution
Latent-Variables to

follow a Standard Normal Distribution




Variational Auto Encoder (VAE)

Mean
\ Zﬁ /
ENCODER Ul DECQPEH 5
i g T 177 mkig) [ X
Zy
Input / umgmy r\ Output
Variance or .
Standard Deviation Generative model
Sample a point from G(Z,,, Z, ) Z,u
Z=p+oQ@e
e ~N(0,1)
z Laant
5 Pistribution
Latent-Variables to

follow a Standard Normal Distribution




CustOMICS

a. Early Integration b. Joint Integration
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Decoder

N(0,1)

basyNy
ispooug
Decoder

Benkirane, H., Pradat, Y.,
Michiels, S., Cournéede, P. H.
(2023).

CustOmics: A versatile
deep-learning-based strategy ) )
for multi-omics integration. c. Late Integration Ao NTee D o
PL0oS Computational Biology,
19(3), €1010921.
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Diabete treatments and omics

Baseline model

¢

Non-omics data @
CIIiDr;iec:EaI Physical @J_> _>|.|
Drug activity NaiveVAE model TrainedVAE model @
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o :
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. . accuracy
Multi-omics data

() ) T

Drug perturbed model

| Questionnares |
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Benkirane, H., Pradat, Y.,

Michiels, S., Cournéde, P. H.

(2023).

CustOmics: A versatile +|"
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for multi-omics integration.

PL0S Computational Biology, GHOH -
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Learning by trying to trick itself:
Generative Adversarial Network (GAN)

Latent space

o A Generated fake
® i samples
® | ﬂ\ _.
. f _,.i:j. _
[ ] A - I Is D
= Generator(G) g Wec:t
"Discriminator(D) The Generator gets ever
| better at generating good fakes
Real | The Discriminator gets ever
samples better at detecting them

Fine-tuning




GAN for synthetic data

L it
Neurocomputing g
Volume 321,10 December 2018, Pages 321-331

GAN-based synthetic medical image
augmentation for increased CNN
performance in liver lesion classification

Maayan Frid-Adar 9, Idit Diamant 9, Eyal Klang b, Michal Amitai ®, Jacob Goldberger ©,
Hayit Greenspan ? & =

Brain tumor image generation using an aggregation of
GAN models with style transfer

Debadyuti Mukherkjee, Pritam Saha, Dmitry Kaplun B, Aleksandr Sinitca & Ram Sarkar

Scientific Reports 12, Article number: 9141 (2022) | Cite this article

Computer Methods and Programs in

Biomedicine
Volume 195, October 2020, 105568

A GAN-based image synthesis method for skin
lesion classification

Zhiwei Qin @, Zhao Liu " &, Ping Zhu ? & &, Yongbo Xue @

Home > Proceedings of International Conference on Artificial Intelligence and Applications >

Conference paper

MR Image Synthesis Using Generative
Adversarial Networks for Parkinson’s
Disease Classification

Conference paper | First Online: 02 July 2020
pp317—-327 | Cite this conference paper

Sukhpal Kaur 4, Himanshu Aggarwal & Rinkle Rani




GAN for segmentation

image. H 'l, T ‘!*H Seomedied
in Generator

>l"l (Segmentation Network)/

— N\

N
e

Global
Average » Score
Pooling

Concatenate
multiscale features

: Ay ) Discriminator
\ Fundus Image Canny Edge filtered Vessel Image /

Conv2D 3x3,32 =3 UpSample2D 2x2 A Conv2D 3x3,128 J» MaxPool2D 2x2
ConvaD 3x3,64 ~P Merge -+  Com2Dix,1 ®

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

DOI: 10.1109/ICASSP49357.2023.10096997 - Corpus ID: 250626500

------- MLP-GAN for Brain Vessel Image Segmentation

B. Xie, Hao Tang, +2 authors Yan Yan + Published in |EEE Intemational Conference... 17 July 2022 + Computer Science, Medicine
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Anomaly
Score

GAN can be built out of any DL architecture

Discrimination and Reconstruction Anomaly Scores
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MAD-GAN: Multivariate Anomaly Detection for Time Series Data
with Generative Adversarial Networks

Dan Li', Dacheng Chen', Lei Shi', Baihong Jin?,

Jonathan Goh?

, and See-Kiong Ng'

ViTGAN: Training GANs with Vision Transformers

Kwonjoon Lee!
Zhuowen Tu'
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