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Autoencoders
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Autoencoders are trained to minimise reconstruction errors.

Jfoe-sff
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Input Encoder Latent space Decoder Output
Tensor (Convolution, ...) Low dimensional (Transposed Reconstruction
(image, curve...) space convolution, ...) of Input
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Autoencoders
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Autoencoders are trained to retain essential data
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Input Encoder Latent space Decoder Output
Tensor (Convolution, ...) Low dimensional (Transposed Reconstruction
(image, curve...) space convolution, ...) of Input
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Autoencoders
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Q Great, but...
How to build an autoencoder?
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Autoencoders
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An autoencoders network have 2 parts :

Encoder

Which can use, for example,
some convolutional layers
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Convolutional layers
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Objective is to downsampling an input :

input kernel

D9 W= E input ® kernel + b)
Where :
i 0 :is an activation function
kernel size : b - is a bias

(kx, ky)

Number of parameters for a convolutional layer:  kx.ky + 1
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Convolutional layers
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Obijective is to downsampling an input :

input kernel

y = a(z input ® kernel + b)

Where :

=0
o :is an activation function

—— b :is a bias

kernel size :
b . o / (le kyr n)
n layers

If we want to generate m convolutional layers, we will need m convolutional neurons
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Convolutional parameters CENTRALE

Reminder!

Parameters of a convolutional layer : padding

With padding —> size s preserved
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Convolutional parameters
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Reminder!

Parameters of a convolutional layer : padding

Without padding  —> Size is not preserved (no padding)
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Convolutional parameters
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Reminder!

Parameters of a convolutional layer : Strides

NS
SIS
%*

o

@
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strides = (sx,sy) —> Astrides=(2,2) will reduce by 2 the output size
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Convolutional parameters
LYON

/\Q'b . 6@"’$
o
B,
Oéd‘
£
padding kernel size  strides

Output_dimension = (input_dimension - kernel_size + 2 x padding) / stride + 1
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Autoencoder
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An autoencoders network have 2 parts :

Encoder

Fine!
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Autoencoder

Eaxad CENTRALE

LYON

An autoencoders network have 2 parts :

ffs-- s -

Decoder

Which can use, for example,
transposed convolutional layers
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Transposed convolution
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Objective is to upsampling an input :

input kernel

DO S . _ o() input ® kernel + b)

X :
kernel size : WhEI'.e : o .
(kx, ky) o0 : is an activation function

b :is a bias

Output
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Transposed convolution

Basic example:

2024-2025

Input image: (2,2)
Kernel : (2,2)
Outputimage: (3,3)

® =2
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Transposed convolution
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From: https://www.youtube.com/watch?v=Vu5xXCKG5q8&t=29s

Input kernel Output
EXERE
1| 2
0| 4] 2
3
1|6

Output = (input - 1) * stride — 2*padding + kernel + output padding

— transposed convolution with a 3x3 input, 2x2 kernel, stride of 1, no padding, no output padding
— output of dimension (3-1)x1-2x0+2+0=4
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Transposed convolution
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Input
EERE
0|4 ]2
1|6 |7
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kernel
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Transposed convolution
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Input kernel Output
2 4
2 1
0| 4|2 i ‘
3 | 4 ¢ 1 =
1/6|7|  — | | 1
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Transposed convolution
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Input kernel Output
2 4+3 6
2 1
0| 4| 2 2
3 | 4 6 8+9 12
1|6 |7 -
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Transposed convolution
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Input kernel Output
2 4+3 6
2 5[]
0| 4 1) 2
3 a 6 8+9 12
1|6
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Transposed convolution
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Input kernel Output
2 4+3 6+1 2
2 | 3
4 | 2 1]
2 | a 6 849 | 1243 | 4
1|6
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Transposed convolution
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Input kernel Output

7 7 2
2 | 3
0| 4| 2 21 25 8
1| 6

20 41 22

22 45 28




Transposed convolution
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Input kernel Output
2 | 3
1| 2
0| 4|2
3 | 4
1|6

Output = (input - 1) * stride — 2*padding + kernel + output_padding

— transposed convolution with a 3x3 input, 2x2 kernel, stride of 2, no padding, no output padding
— output of dimension (3-1) x2-2x0+2+0=06
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Transposed convolution
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Input
BEE
0|4 ]2
1|6 |7
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kernel
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Transposed convolution
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Input kernel
2 | : | 1
« 1| 2
0| 4|2
3
1|6
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Transposed convolution
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Input
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kernel
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Output
4 | 3 | 6
8 | 9 | 12 |




Transposed convolution

Eaxad CENTRALE

LYON

Input kernel Output

2 | 4 | 3| 6 | '

- 1 v,

0 4 2 _a
1 6
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Transposed convolution
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Input kernel Output

2024-2025 DL Course - Autoencoder - GAN




Transposed convolution
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Input kernel Output
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Transposed convolution
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Input kernel Output
2 | 4| 3| 6 | 1| 2
2 | 3 >
2 | 2 s 6 | 8|9 12|34
1|6 0| 0 |
0| O
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Transposed convolution
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Input kernel Output
2 | 4 | 3|6 | 1] 2
2 | 3|1
2 2 6 | 8| 9 |12 | 3 | 4
3 | 4 |
1] 6|7 0 | 0 |
0| O
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Transposed convolution

Eaxad CENTRALE

LYON

Input kernel Output

2 | 4| 3|6 | 1| 2
2 | 3 .
9 ; 6 | 8|9 |12]|3 4
T | € > |1 4 o |0 | 4| 8|

0 | 0 | 12 | 16
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Transposed convolution
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Output (padding = 0) Output (padding = 1)
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Transposed convolution
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Output (padding = 0) Output (padding = 1)
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2 4 3 6 1 2 2 4 3 6 1 2
6 8 9 12 3 4 6 8 9 12 3 4
0 0 4 8 2 4 0 0 4 8 2 4
0 0 12 | 16 6 8 0 { 12 | 16 6 8
1 2 6 12 7 14 1 2 6 12 7 14
3 4 18 | 24 | 21 | 28 3 4 18 | 24 | 21 | 28
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Transposed convolution

Eaxad CENTRALE

LYON
Output (padding = 1)

Output (padding = 0)

2 4 3 6 1 2

6 8 9 12 3 4 8 3 12 3
0 0 4 8 2 4 0 4 8 2
0 0 12 | 16 6 8 0 12 | 16 6
1 2 6 12 z 14 2 6 12 7
3 4 18 | 24 | 21 | 28

Output = (input - 1) * stride — 2*padding + kernel + output_padding

— transposed convolution with a 3x3 input, 2x2 kernel, stride of 2, padding of 1, no output padding
— output of dimension (3-1) x2-2x1+2+0=4
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Transposed convolution
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Output (padding = 0) Output (padding = 2)
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Transposed convolution
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Output (padding = 0) Output (padding = 2)

2024-2025

2 4 3 6 1 2 2 4 3 b 1 2
6 8 9 12 3 4 6 8 9 12 3 4
0 0 4 8 2 4 0 0 4 8 2 4
0 0 12 | 16 6 8 0 0 12 | 16 6 8
1 2 6 12 7 14 1 2 6 12 7 14
3 4 18 | 24 | 21 | 28 3 4 18 | 24 | 21 | 28
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Transposed convolution
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Output (padding = 2)

Output (padding = 0)

2 4 3 6 1 2

6 8 9 12 3 4

0 0 4 8 2 4 4 8
0 0 12 | 16 6 3 12 | 16
1 2 6 12 7 14

3 4 18 | 24 | 21 | 28

Output = (input - 1) * stride — 2*padding + kernel + output_padding

— transposed convolution with a 3x3 input, 2x2 kernel, stride of 2, padding of 2, no output padding
— output of dimension (3-1) x2-2x2+2+0=2
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Transposed convolution

Output padding = 0

Output padding = 1

LYON

2 4 3 6 1 2 2 4 3 6 1 2 0
6 8 9 12 3 4 6 8 9 12 3 4 0
0 0 q 8 2 4 0 0 4 8 2 4 0
0 0 12 | 16 6 8 0 0 12 | 16 6 8 0
1 2 6 |12 | 7 | 14 1 2 6 |12 | 7 | 14 | O
3 4 18 | 24 | 21 | 28 3 i} 18 | 24 | 21 | 28 0

0 0 0 0 0 0 0

Eaxad CENTRALE

Output = (input - 1) * stride — 2*padding + kernel + output_padding

— transposed convolution with a 3x3 input, 2x2 kernel, stride of 1, no padding, output padding of 1
— output of dimension (3-1) x2-2x0+2+1=7
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Autoencoder
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o

Input Encoder Latent space Decoder Output
Tensor (Convolutional Low dimensional (Transposed Reconsctruction
(image, curve...) Layers, ...) space convolution, ...) of Input
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Autoencoder
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Q (28,28,1)

(28,28,1)

Encoder Latent space Decoder
(laten_dim=10)

Layer (type Output Shape
__y__(_y_p_)__________E____E____ Layer (type) Output Shape

input_1 (InputLayer) [(None, 28, 28, 1)] inpi:Z(IT\putLa;:er) - [(N;;é_m)]

conv2d (Conv2D) (None, 14, 14, 32)

dense_2 (Dense) (None, 3136)

conv2d_1 (Conv2D) (None,7,7,64)
reshape (Reshape) (None, 7,7, 64)

flatten (Flatten) (None, 3136)

conv2d_t1 (Conv2DT) (None, 14, 14, 64)
dense (Dense) (None, 16)

conv2d _t2 (Conv2DT) (None, 28, 28, 32)
dense_1 (Dense) (None, 10)

e — conv2d_t3 (Conv2DT) (None, 28, 28, 1)
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U-Net for semantic image segmentation CENTRALE
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Image segmentation with a basic AE
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Positional Inaccuracy !
Shape Inaccuracy !

Latent space ' m .

<€ >

Z
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From AE to U-Net: Fully convolutional

Structured
Latent space
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From AE to U-Net: Fully convolutional
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'~ Encoder-Decoder Connections
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From AE to U-Net : Fully convolutional
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concat
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From AE to U-Net : Fully convolutional
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concat
concat ,
>
Z§7—wﬁ concat S
y 4 a
AV
— LV
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Variational Autoencodeur (VAE)

VRN AR



Autoencoders
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minimise reconstruction errors.
retain essential data

o ff5e-eaff <

Input Encoder Latent space Decoder Output

Autoencoders are trained to
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Autoencoders
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3

An autoencoders network have2 parts:

o ffus-usff-

Input Encoder Latent space Decoder Output

,

Z
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Autoencoders
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Region
Exam,\ﬁll\lelg)_lf L/r of the« 1» oftf?eeglgg IE CIUSterS o
dsrtea st ) . appear, but
distribution i many of them
inits latent ' & R are [ Of
Space . e P32 vehy Spread out
2 . ) &fi:;
Q o % 3 | # How can 9
Only two B g we make our
dimensions Shely: network better
are represented | . SaiEEEE Ty separate the
in abscissa and Rerd T T, - different
ordinate QB o S 0 clusters?
e B " Y
z=encoder(inputs) — | O |£ E?ai‘c:lé»
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Autoencoders
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Q An autoencoder performs a direct
projection into the latent space and an
upsampling from this latent space.

z  vectorin latent space

1. Down sampling

3 z = encoder(inputs)

input .
Latent
Loss SHECs 2 Up sampling
Binary cross entropy ouputs =decoder(z)  output

Measures the difference
between input and output
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Variational Autoencoder (VAE)
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Q The stochastic approach
encourages the network

U isamean

0 isavariance to generate relevant
z  vectorin latent space output throughout the
distribution space.
.. Probabilistic . ,
1. Projection 3 . dretribitsn iTnhF;su ;n(;g'ltlaez ;c:at the
O
3 u, 0 = encoder(inputs) statistically distributed.
input . g
> Random
sampling
3 Up sampling
7= Sampllng( H, O ) e ouputs = decoder(z) 3

output
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Variational Autoencoder (VAE) CENT

Kullback-Leibler divergence*

1 k

DKL:.EZ(JI-Z—I—,U,?—].—M(O'?)).

0 - /] KL divergence between two
‘. My (probability) distributions
. p o measures how much they
- ’ diverge from each other
KL loss
0 0

3 } 3 Reconstruction loss Total loss

Binary cross entropy total =k.r_+k.kl

_Measures the The trick is to find a nice
difference between compromise between
input and output these two components of
the loss function.

(*) Special case for a standard normal distribution
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Variational Autoencoder (VAE) CENT

k. is too high k, is too high
‘ M total =k +k.k : ,
Reconstruction ess 1 oss loss ' Agglomeration
is privileged. 9 : is privileged. :

201

15

10

-5 0 5 10 15 20 25 30 4
[4.3-1.2] [4.10.1] [-0.2 0.4] [4.50.6] [19.3 1.] [-0.3 1.3] [-0. -0.4] [-1.3 0.9] [-0.7 0.9] [-0.1 0.4]
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Variational Autoencoder (VAE) CENT

VAEZ' with : tOtalloss = k1'rloss T kZ'klloss VAEZ’ with
k1l kZ — [11 SE'4] k1, k2 —_ [1, 1E'3]
9 [°
4 .
'8 3 8
3.
7 4 K
2.
L6 -6
1 =
5 , 2
0 0
i 4
= 1
A 3
- " -
, 2
_3-
1 = L
-
0 —4 =3 s’ -] 0 1 2 3 4
[-1.7-1.4] [-1.2-0.1] [0.9-1.] [-1. 0.4] [-1. 2.] [0.51.5] [0.70.6] [-0.3 1.8] [-1.2 0.3] [-0.2 -0.2]
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Variational Autoencoder (VAE)

O00O0QQQQQQ000000DHL I

O00O0
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Q Tha’s great ! We can generate data

[0.7 0.6] [-0.3 1.8] [-1.2 0.3] [-0.2 -0.2]

0.5 1.5]

in profusion !!!
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Latent space mixing
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Source B

Source A

varse styles from source B

Ce
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Latent space arithmetic
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Generative Adversarial Networks (GAN)

VRN AR



Which face is real?
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https://www.whichfaceisreal.com

Sophie J. Nightingale and Hany Farid, « Al-synthesized facesare | «(...) synthetically generated faces are more trustworthy than real faces.
indistinguishable from real faces and more trustworthy », PNAS, - This may be because synthesized faces tend to look more like average faces
https://doi.org/10.1073/pnas.2120481119, February 2022 ~ which themselves are deemed more trustworthy. (...) »
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GAN
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lan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley,
Sherjil Ozair, Aaron Courville et Yoshua Bengio, « Generative Adversarial Networks »,
in Advances in Neural Information Processing Systems 27, 2014

https://arxiv.org/abs/1406.2661
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Principle

Random
vector

Real
data

2024-2025

«wA ..Ve aammmmm—m .0 .

Counterfeiter

Fake data
¥

i
Real data

‘ DL Course - Autoencoder - GAN
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real or fake ?

Combined
data

f

Expert
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Fake (0)

Real (1)




How to train a GAN ?

Random
vector

Real
data

2024-2025

Fake data

.

Real data

A two-step
learning process
will be necessary :

DL Course - Autoencoder - GAN

Combined

data

Step 1 -
Step 2 -

\~,>\%\
\

Update Discriminator |
|

|
|
|
?
Update Generator
'er &4‘1',} :
\f!:')‘:‘: éz-
% " p p;;;
"},f :555:: ,;._‘3-('\'; P,

.4
&

CENTRALE
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How to train a GAN ?

Eaxad CENTRALE

LYON

Step1 - Update Discriminator

Generator is locked

Input data ,
- Backpropagation
*
Batch of
Real data
T\ » . %
aLL Real data
enel Qo Combined
G 4 / data
—
- | 3 vi il
— /e Fake data e
Random 5
vectors
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How to train a GAN ?
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Step2 - Update Generator

Discriminator is locked

gackpropagation

¥

Fake data X
Fake data n
?; z 1 y : or
A y: Real (1)
Random Misleading
vectors labels (y)

2024-2025 DL Course - Autoencoder - GAN




o o Nobs Nclass
Ol’lglna| GAN Categorical crossentropy :  H(y Zb: l yc - log y.

nObs =1 =

CENTRALE

' LYON

Discrimator will try to

Lp=— Z {Iog (x')) + log(1 — D(G(z ())))] maximize Lo :
Vx e X,D(x) = 1
P Z log(1 — D(G(2")))] vz € Z.D(G(z)) ~ 0
m <
GAN loss functions Generator will try to
X0 is a real data from a set of m values minimize L :
zY is a latent vector from a set of m values
D(x) Output of the discriminator for a real image x Vze Z,D(G(z))~ 1
ie : probability that a real image is considered as real.
G(z") Output of the generator from an input z, from latent space
so, G(z) look like an X image, but is really fake... fake : 0

D(G(z") Output of the discriminator for a fake image. Where :

ie: probability that a fake image is considered as real. real : 1

lan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair,
Aaron Courville, Yoshua Bengio, « Generative Adversarial Networks »,
https://arxiv.org/abs/1406.2661, 2014
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GAN

Original GAN IO Categorical crossentropy . H(y. 9) = ——— 33 "y, - log 5.

n
obs i=1 c=1

Lo =3~ [log(D(™) +log(1 - D(GM))|

=1
1 —
= I
Lo == [log(1 - D(G(z")))]
m < 3l
=1
GAN loss functions i
'
Limitations : |
Gradient vanishing problem. g e i) Ol e o ]
Risk of blocking in the early stages of ” L L
. . . . Figure 6: lllustration of vanishing gradient in the negative quadrant when
GAN Iea mlng, When the dlscnmlnator usgir)g the origtin;I lossformulatigr_?log(}-lt)) (.t:Iu_e cugrv;).jl'r?_e ?(-axistis D’s
» qult (output of last |ayer before_sugrpond activation). Minimising log(1-D)
Work |S Very easy. yields the'sa.me solution as maximising log(D) (red curve) but the red
curve exhibits stronger gradients.

https://developer.nvidia.com/blog/photo-editing-generative-adversarial-
networks-1/

lan J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil Ozair,
Aaron Courville, Yoshua Bengio, « Generative Adversarial Networks »,
https://arxiv.org/abs/1406.2661, 2014
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Wasserstein GAN (2017)
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- Proposition of a more theoretical approach to the learning strategy [1]:

Q Total Variation distance

What is the best way to measure the ;(”"baCkSte'bler d;‘,’ergence
distance between two distributions ? en>en-onannon divergence |
Earth-Mover Distance 2] / Wasserstein-1
Distance
Optimization problem [2] du terrassier

[1] Martin Arjovsky, Soumith Chintala, Léon Bottou, « Wasserstein GAN »,
https://arxiv.org/abs/1701.07875, 2017

[2] Cédric Villani, « Optimal transport, old and new », Springer, 2008

https://cedricvillani.org/sites/dev/files/old_images/2012/08/preprint-1.pdf
https://www.youtube.com/watch?v=z046TEp6FB8
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Wasserstein GAN: Earth Moving Distance
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Obijective is to measuring the distance between 2 distributions

This distance can be interpreted by the minimal energy needed
to move from one box distribution to another:

P 4 Q 4
.3 7 .3
o
A N
.0 .0
P1 P2 P3 P4 Q1 Q2 Q3 Q4

Numberof  Moving distance

. . W =
This energy can be calculated as: boxes moved of the boxes
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Wasserstein GAN: Earth Moving Distance

We can write:
2X: P1toP2 2X :P2toP3

¥§- At
::;l |

S
|
LY.
>
-

o o N w s

o — N w

o _ N w S
" 2 Y 1
Ll L L )

50 = Pl P2 P3 P4 Pl P2 P3 P4 PP P2 pP3 P4 PP P2 P3 pa

dit1 =0i + P — Q 1x:Q3t0 Q4

4 4 4 4 4% = eesses .
3 3 34 3 : '
80_0 Q 2 2 74 2
81 — 0 ‘l“ 3-]. — 2 1 1 14 1
— - — 0 + 4 + + o A — + + + o A ¢ + = o + ; 5
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Wasserstein GAN

—->Wasserstein GAN :

j L . .
Loitic = — [Dx(’) — D(G(z" ]
critic n7:£: ( ) ( ( ))
—il
1 m
L S [D G (2" ]
generator m Z ( ( ))
=il
x{ is a real data from a set of m values
rAL is a latent vector from a set of m values
D(x) Output of the discriminator for a real image x
ie : probability that a real image is considered as real.
G(z") Output of the generator from an input z, from latent space

so, G(z) look like an X image, but is really fake...

D(G(z")) Output of the discriminator for a fake image.
ie: probability that a fake image is considered as real.

Martin Arjovsky, Soumith Chintala, Léon Bottou, « Wasserstein GAN »,
https://arxiv.org/abs/1701.07875, 2017

2024-2025 ‘ DL Course - Autoencoder - GAN

Critic / Discriminator

trywmaximize Leitc
Vx e X,Vze /[
D(x) > D(G(z))

Generator
try w maximize Lgenerator

fake : low score
Note :

real : hight score
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—->Wasserstein GAN : e
Critic / Discriminator

tryto maximize Lcritic

1 . .
Leritic = — Z [D(x(’)) — D(G(z(’)))] Vx € X,Vz € Z
e D(x) > D(G(2))
Il <2 .
_ (i) Generator
Lge”erator m Z [D (G(Z ))] ~ WGAN try o maximize Lgenerator
Q According to the authors, the discriminator should Note - fake : low score
no longer be considered as a classifier but more as a critic. ote : real - hicht
— : . hight score
The output of the discriminator will be greater for true

instances than for false instances.

Concretely, a critic has no sigmoid function at its output

Martin Arjovsky, Soumith Chintala, Léon Bottou, « Wasserstein GAN »,
https://arxiv.org/abs/1701.07875, 2017
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Wasserstein GAN

WERESEWEELNE 2017 dec. 6 elipschitz function:
e V(x,y) € E?, [f(x) = f(y)| < k [x -y

—->Wasserstein GAN :

I ,.
Leritic = E Z |:D G(Z( )))]
j=1
1 m
Lgenerator — E Z [ G(Z( )) :I |
=1 loss functions

Q The calculation of the EMD distance is complex.
A simplified version is however possible if the
discriminator is a k-Lipschitz function, implying
a constraint on it.

The proposed solution is to clip the weights to contain
them in a limited interval [-c,c], with ¢=0.01

Martin Arjovsky, Soumith Chintala, Léon Bottou, « Wasserstein GAN »,
https://arxiv.org/abs/1701.07875, 2017

2024-2025 ‘ DL Course - Autoencoder - GAN

Critic / Discriminator
try wmaximize Leitic

Vx € X,Vze /
D(x) > D(G(z))

Generator
try wmaximize Lgenerator

(fa ke : low score
Note : <

\ real : hight score
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Wasserstein GAN
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Q Limitations:
~>Wasserstein GAN : « Weight clipping is a
clearly terrible way to

o enforce a Lipschitz
Lo = — D(x() — (7) ] constraint (...) and we
. m ; [ ) (6(z7)) actively encourage
I ” interested researchers to
_ 4 (i ) improve on this
Lot = 3 30 [DGED)] g | ImErovEont

=1

Q The calculation of the EMD distance is complex.
A simplified version is however possible if the
discriminator is a k-Lipschitz function, implying
a constraint on it.

The proposed solution is to clip the weights to contain
them in a limited interval [-c,c], with ¢=0.01

Martin Arjovsky, Soumith Chintala, Léon Bottou, « Wasserstein GAN »,
https://arxiv.org/abs/1701.07875, 2017
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Wasserstein GAN - GP

WERYS LI WEBIC 2017 dec. 25 Q
Here is

the gradient

~>Wasserstein GAN with Gradient Penalty : penalty

Leie = B [D(R)] = E [D(x)] +§A2£I;3P£[(IIV>?D(>?)H2 — 1)]

1 I
Lgenerator = E Z |:D ( G(Z ( ))):| w

{ .
NnCC NTiNncriNnnec
I' 1 10SS TUNCLons

X is a real data from a set of real values
X = G(z)is afake data, from the generator

X mix fake / real data
A
Z!

X=ex+ (1 —¢)x
with t ~ U[0, 1]

penalty coefficiel, proposed as A=10
Y is a latent vector from a set of m values
D(x) Output of the discriminator for a real image x
G(z") Output of the generator from an input z, from latent space
D(G(z")) Output of the discriminator for a fake image.

Ishaan Gulrajani, Faruk Ahmed, Martin Arjovsky, Vincent Dumoulin, Aaron Courville,
« Improved Training of Wasserstein GANs », https://arxiv.org/abs/1704.00028, 2017
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Critic / Discriminator
try o minimize Leitic

Vx e X,Vze Z
D(x) > D(G(2))

Generator
try o maximize Lgenerator

The paper Q

demonstrates that
the addition of the
penalty gradient
guarantees that the
loss function is 1-
Lipschitz.
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GANs: a big family

Conditional GANs

Mehdi Mirza, Simon Osindero,

« Conditional Generative Adversarial Nets »,

https://arxiv.org/abs/1411.1784, 2014
1000 0000Q00 2L

| /

P
i 3

Progressive GANs
Tero Karras, Timo Aila, Samuli Laine, Jaakko
_ehtinen, « Progressive Growing of GANs for
mproved Quality, Stability, and Variation »,
nttps://arxiv.org/abs/1710.10196, 2017

2024-2025 DL Course - Autoencoder - GAN

Image-to-Image Translation
Phillip Isola, Jun-Yan Zhu, Tinghui Zhou, Alexei A. Efros,
« Image-to-Image Translation with Conditional

Adversarial Networks »,
https://arxiv.org/abs/1611.07004, 2016

__ Edges to Photo BW to Color

input | output

CycleGAN

Jun-Yan Zhu Taesung Park Phillip Isola Alexei A. Efros
« Unpaired Image-to-Image Translation using Cycle-
Consistent Adversarial Networks »,
https://arxiv.org/abs/1703.10593, 2017

Monet Z_- Photos

- - -
g
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Zebras > Horses
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GANs: a big family

2024-2025

Text-to-Image Synthesis

Han Zhang, Tao Xu, Hongsheng Li, Shaoting Zhang,
Xiaogang Wang, Xiaolei Huang, Dimitris Metaxas,

« StackGAN: Text to Photo-realistic Image Synthesis with
Stacked Generative Adversarial Networks »,
https://arxiv.org/abs/1612.03242, 2016

«This smaller brown bird
has white stripes on the
coverts, wingbars and
secondaries »

Semantic Image Inpainting
Raymond A. Yeh, Chen Chen, Teck Yian Lim, Alexander
G. Schwing, Mark Hasegawa-Johnson, Minh N. Do,

« Semantic Image Inpainting with Deep Generative
Models »,

https://arxiv.org/abs/1607.07539, 2016

‘ DL Course - Autoencoder - GAN

Super-Resolution

Christian Ledig, Lucas Theis, Ferenc Huszar, Jose Caballero, Andrew
Cunningham, Alejandro Acosta, Andrew Aitken, Alykhan Tejani,
Johannes Totz, Zehan Wang, Wenzhe Shi,

« Photo-Realistic Single Image Super-Resolution Using a Generative
Adversarial Network »,

https://arxiv.org/abs/1609.04802, 2016

Face Frontal View Generation

Rui Huang, Shu Zhang, Tianyu Li, Ran He,

« Beyond Face Rotation: Global and Local Perception GAN for
Photorealistic and Identity Preserving Frontal View Synthesis »,
https://arxiv.org/abs/1704.04086, 2017
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Some useful references
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Fidle - Deep Learning Introduction (https://www.fidle.cnrs.fr/w3/)

CS231n: Convolutional Neural Networks for Visual Recognition (http://cs231n.stanford.edu)
Neural Networks and Deep Learning (http://neuralnetworksanddeeplearning.com)

Deep Learning (http://www.deeplearningbook.org)

PyTorch (http://pytorch.org)

Weights & Biases (https://wandb.ai/site/)

Hugging Face (https://huggingface.co/)

2024-2025 DL Course - Transformers
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