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Recap: CNN

ÅClassification / recognition

ÅInput: image

ÅNetwork (CNN):

ÅConv, RELU, MaxPool (several time)

ÅFully Connected

ÅOutput: label



CNN example

3 since RGB

6 images as ouput

5x5 convolution

6 since previous ouput is 6

16 images as ouput

5x5 convolution

16 since previous layer

If input 32x32

Å 1st convĄ 28x28

Å MaxPoolĄ 14x14

Å 2nd convĄ 10x10

Å MaxPoolĄ5x5



CNN example : optimization

Loop on epoch



CNN: introduction 

Because of the border (conv 5x5 removes 2+2 lines/columns)



Deep learning history

ÅAfter 2013: many directions of research arise
ÅCNN++: resNet, etc. and applications of CNN (Skeleton, tracking, etc.)

ÅAE

ÅGAN

Åé



IA = ML = Deep L ?

Åquery the Web of Science publication database. The two dashed lines are 

scaled by a factor of 5 (deep learning) and 3 (convolutional neural network)



Deep is eveywhere é

Åpublications American Chemical Society journals with 

''machine learning'' anywhere in the article



CNN: real life

ÅReal life with a scanner or a camera

ÅIt could be interesting to denoise this kind of input with a network



Auto Encoder (AE): principle

ÅThere are many types of autoencoder



Back in the past: PCA

ÅA sample: 2D => (feature1, feature2)

ÅA sample = feature1.VectorX + feature2.VectorY

ÅThe base is (VectorX, VectorY)

ÅIt is a representation but is it the good one ?

ÅIf x move a bit, it means nothing according to the global point 

cloud



Back in the past: PCA

ČSo we invented the PCA, Principal Component Analysys

ÅA sample = v1.FirstPrincipalComp + v2.SecondPrincipalComp

                   = (v1, v2)

ÅIf v1 move a bit, the sample moves in the main direction of the 

point cloud: WAHOU! GREAT!

ÅIt is a better representation !



Auto Encoder (AE): principle

The code is a better representation of the DATA

Č LATENT SPACE



Auto Encoder (AE): principle

ÅInvented for denoising 

Åbut it opened the door of generative process !!!

ÅThe decoder is a generative network



Auto-encode
ÅFor example with 2D data (point)

ÅAutoencoder learns a latent space: the code

ÅThe AE learns that valid points are in the ellipse during training

ÅAfter training, providing blue points all over the space

Č the auto-encoder brings back the blue points which are not in its 

learned representation inside its representation (red points)

Data for training

autoencoder

AE(Blue point) Č red point



Auto Encoder (AE): principle

Code: better representation of the DATA Č LATENT SPACE

ÅIf a value of the code changes a bit, we stay in the cloud of the data !

ÅBecause of the activation fonction, non linear data can be represented 

in a better way than PCA é WAHOU AGAIN !



Auto Encoder (AE): principle

Code: better representation of the DATA Č LATENT SPACE

- Latent space is not necessary smaller than the input data

- The code means nothing for an human



Auto Encoder (AE): principle

ÅWhat is it for?

ÅNoise reduction

ÅCompression (code<data)

ÅInterpolation

ÅSuper resolution

ÅCompact code

Åapplying treatments to the ñcodeò

ÅA bit the same spirit as PCA

Ronaldo's face enhancement in FIFA



Need Deconvolution !

With ConvNN, need DeConv é

ÅDeconvolution: increase the image size + convolution

ÅA transposed convolution 

 reconstructs a larger spatial size from a smaller one, by 

ñinsertingò empty spaces between the input pixels before 

applying the convolution. 

ÅThis simulates a ñdeconvolutionò operation.

ÅDeconvolution != Convolution

Inverse(                               )



Need Deconvolution !

Deconvolution: Increase the image size + convolution

Two step

ÅSpace expansions: transposed convolution increases spatial size  by 

introducing spaces between feature map pixels (a bit like inserting 

ñzerosò between pixels). 

 ~Inverse of Max -Pooling

ÅApplying a filter: next, a filter is applied in a similar way to normal 

convolution, but this time the results are combined to produce a larger 

output

 ~filters ~learn to reconstruct the information

It is not an inverse in the mathematical sens

Inverse(                               )



Conv2DTranspose

Åthe transposed convolution broadcasts input elements 

via the kernel

Åproducing an output that is larger than the input



CNN: Decode

Transposed convolution  (!= Convolution)

Åwith stride 1 and padding 2

Åjust pad the original input (blue entries) 

 with zeroes (white entries)

Åand then a filter

ÅInput 2x2 (blue), stride 0 padding 2 conv3x3 

   Č Output 4x4 (green)



CNN: Decode / Conv2DTranspose

Input 2x2 (blue) Ą Conv2DT conv3x3, stride 1 and padding 2

Output 5x5 (green)

ÅBecause stride 1 + padding 2 Ą space of computation 7x7

ÅThe stride reduces the image size in convolution 

ÅThe stride increases the image size in the ConvTranspose



Dilated Convolution

ÅConv 3x3, no padding, no stride, dilation 1



Conv / Deconv: test

Åhttps://asiltureli.github.io/Convolution-Layer-Calculator/



CNN: Decode
ÅConvolutional autoencoder (CAE)

Convolutions in the encoder and deconvolutions in the decoder 
are complementary
Åbut not explicitly linked

Åweights are not shared between encoder and decoder

Åbut dimensions are symmetric

ÅThe only direct link between encoder and decoder is via the latent code



Exemple of interpolation

ÅDenoising is cool but é

ÅAE is much more than that !!!

ÅExample: morphing

Latent code of 7  ċ     t.Code7 + (1-t).Code8       Č latent code of 8

Latent code of 2  ċ             interpolation                    Č latent code of 0

encode encode

decode



Exemple of interpolation



Sparse Auto Encoder

In the cost function ( loss ): favors  ñsparsityò

Ą Improves performance

ÅIntuition: have mainly useful neurons (with a strong weight) to have a 

ñsmartò and ñcompactò representation

Promotes sparsity

to reduce the size of the code

(avoid dispersion)

Distance between input and output



Sparse Auto Encoder: L1 / L2 standard

ÅUsing the L1 norm in the 

cost function

Intuition: gradient is -1 or +1, 

therefore a larger step at each 

iteration than with the L2 norm 

which will take small steps



Sparse Auto Encoder: L1 standard

ÅFewer neurons activated Ą more efficient useful neurons Ą 

more ñintelligentò/ñefficientò representation

Classic AE



Sparse Auto Encoder: k best

ÅK- nearest Sparse Autoencoder 

(Makhzani and Frey, 2013)

Åsparsity is enhanced by keeping only the k highest activations in 

the code layer

ÅSort the values of the code vector. Only the k largest values are 

kept, while the others are set to 0.

ÅThis operation can be done with an adjustable ReLU threshold

x 0
x 1
x 2
0

0

0



Sparse Auto Encoder: k best

ÅK- nearest Sparse Autoencoder

ÅExample with MNIST: (k= code size)

Å(Makhzani and Frey, 2013)

Åsparsity is enhanced by keeping only the k highest activations in 

the code layer

ÅSort the values of the code vector. Only the k largest values are 

kept, while the others are set to 0.

ÅThis operation can be done with an adjustable ReLU threshold.



Variational Auto Encoder (VAE)

Autoencoder

Variational

Autoencoder
Decoder is similar

In VAE, encoder outputs parameters of a pre-defined distribution in the latent space for every input.

The VAE imposes a constraint on this latent distribution forcing it to be a normal distribution. 

This constraint makes sure that the latent space is regularized.

!!! non-regularized 
latent space !!!

mean and the standard deviation



Variational Auto Encoder (VAE)

Å2014 D. Kingma and M. Welling

ÅInstead of mapping the input to a single point in the latent space, 

the encoder maps it to a probability distribution, from which latent 

samples are drawn



VAE: loss and KL divergence

ÅTwo terms in the loss
ÅSimilarity between data (input and ouput) Ą as in AE

ÅSimilarity between probality and the normal distribution N(0,I)

ÅKullback-Leibler divergence
Åmeasure how different a probability distribution Q is from another 

reference distribution P

ÅP(x) is the true or target distribution (Normal distribution for us)

ÅQ(x) is the approximate or test distribution (the one used to 
approximate ὖ(ὼ))



KL in pratice

ÅIn practice, we choose simple distributions (such as 

Gaussian distributions), for which Ὀ_ὑὒ has an analytical 

expression

ÅThen

Average (mean)    Covariance matrix (variance)



WAE (if you want to go further)

ÅWhat if the distributions did not have a simple form?

ÅThen not be able to calculate the KL exactly.

ÅTwo options:

ÅApproximate using Monte Carlo sampling

Åor use other divergences (such as Wasserstein  distance, in 

WAE/WGAN for example)

ÅBut in classic VAE, we deliberately choose distributions 

where KL is analytical



Variational Auto Encoder (VAE)

ÅInfluence of KL on latent space



Interpolation 

with VAE



Masked Autoencoders (MAE)

ÅPartial observations

ÅMasked Autoencoders Are Scalable Vision Learners. He etal. 

CVPR 2022



Masked Autoencoders (MAE)

ÅInput image (e.g., 224×224 pixels)

ÅCut it into small patches 

Å16×16 Ÿ therefore 14×14 = 196 patches 

ÅRandomly delete a large proportion (often 75%) of the 

patches

ÅEncoder

ÅVisible patches (see a very partial image)

ÅEncoder often a ViT = Vision Transformer 

ÅExtracts features from the visible patches

ÅDecoder: takes these features and reconstruct all the 

patches, including the masked ones



Masked Autoencoders (MAE)

ÅDataset easy to setup

ÅExamples of results

Masked image reconstructed image ground truth



Masked Autoencoders (MAE)

ÅReconstructed images are blurry

ÅSo what the point ?

Åthe aim is not to produce perfect images,

Åbut to learn a rich semantic representation (what the image 

contains, not its exact details)

ÅMAE is a pre-training

ÅDiscard the decoder

ÅKeep the encoder as a powerful backbone for other tasks 

classification, segmentation, etc.

ÅMAE is effective for self-supervision



Auto-encode é

ÅMany autoencoders available

ÅBeta-VAE, VQ-VAE, TD-VAE, é

ÅU-NET (next week)

ÅAE mixed with a GAN

ÅRelated to ~Stable Diffusion (Dall-E)

ÅAbility to train them on things other than images

Å3D Mesh, Animations, etc. é

ÅA vast problemébut a powerful tool



GAN 
GENERATIVE ADVERSERIAL NETWORK

noise



Neural Network and Generation: GAN

ÅGenerative Adversarial Networks

ÅGoodfellow etal . 2014

ÅSeveral thousand of variants

ÅThe ñCoolò Applications of GANs

ÅFace generation

ÅPerson with different poses

ÅTexture transfer

ÅSuper resolution

ÅText to images

Åé



Neural Network and Generation: GAN

ÅGAN = Generative Adversarial Networks

+ Works with less data because it generates

- Unstable



Neural Network and Generation: GAN

ÅGAN = Generative Adversarial Networks

+ Works with less data because it generates

- Unstable

GAN is relatef to the Min/Max algorithm

Å the discriminator tries to maximize the loss function

Å the generator tries to minimize the loss function



GAN

ÅComplicated problem

ÅMany trial versions before getting good results

ÅBut often impressive



GAN

ÅComplicated problem

ÅMany trial versions before getting good results

ÅBut often impressive



GAN: the problems

Training a GAN is not easy

ÅCollapse mode : the generator produces a limited number of 

examples

ÅVanishing gradient : the discriminator becomes too good, too quickly 

and so the generator learns nothing

ÅNon-convergence : the model parameters oscillate and never 

converge

ÅMore generally, an imbalance between the generator and the 

discriminator causes overfiting, hyper sensitivity to parameters, etc.



GAN: the problems

ÅGradient Collapse

ÅNon-convergence

ÅSolution

ÅFavor the generator

ÅReduce the size of the latent space

ÅHere reducing the code size from 100 to 16
after 4 epochs



An example of GAN: SRGAN

ÅGAN Super Resolution



An example of GAN: SRGAN



Transfer between distributions: CycleGAN

GAN from ὢ to ὣ
- GeneratorὋ
- DiscriminatorὈ

GAN from ὣto ὢ
- GeneratorὊ
- DiscriminatorὈ

An X distribution

For example real photos

A Y distribution

For example,

Monet paintings



Transfer between distributions: CycleGAN

ÅWhy this ? 

ÅTwo GANs that motivate each other

ÅTransforming an image from A to B, then back to A, must find the 

original image again

ÅCycleGAN combines two types of losses

ÅAdversarial loss (for each domain): so that GAB(A) and GBA(B) have 

the target domain style.

ÅCycle-consistency loss: to force round-trip consistency



GAN Cycle

ÅZhu etal. ICCV 2017

ÅSome results



GAN: Latent Space Editing

User edition with

Å Sliders

Å Drawing

Å Prompting

Åé

Latent space



GAN: Latent Space Editing

ÅTo edit different features the latent space must

Åthe generator should be able to make only one desired changes

Åunique information for each dimension

Ąthe latent space has to be disentangled

ÅBad example: shortening the hairs é changes the morphology

ÅBuilding a ñgoodò latent space is often difficult

ÅAlternative: 2nd network ñunderstandsò, ñmovesò in the latent space

Image editing

ñshorten hairsò

Example of what we don't want



GAN: Latent Space Editing

User edition with

Å Sliders

Å Drawing

Å Prompting

Åé

« Bad » Latent space Good Latent space

Good latent space or 

another network learns to move 

in the bad latent space



GAN: face modification

ÅStarGAN : Unified Generative Adversarial Networks for Multi-Domain 

Image-to-Image Translation (2017)

New parts comparing to GAN



GAN: face modification

ÅStarGAN : Unified Generative Adversarial Networks for Multi-Domain 

Image-to-Image Translation (2017)



StyleGAN

ÅHow to know if the space W has less entanglement than Z (is more 

disentangled)? Č new metric

ÅPerceptual Path Length : Measures the degree to which the image is modified 

during interpolation. ñGentleò modifications give better results.

ÅLinear separability : favor that two points in the latent space corresponding to two 

image classes are separated via a hyperplane Č calculates conditional entropy in 

order to determine the amount of information needed to accurately classify these 

latent points.

A Style-Based Generator Architecture for Generative Adversarial Networks.

CVPR 2019, Karras etal (NVIDIA)



StyleGAN



StyleGAN

Å2020

ÅPipeline revisited to 
remove artefacts

ÅLess data  (still big)

ÅStyleGAN3

ÅPipeline revisited again

Å2021

ÅReally realistic images

ÅBetter than 3D mesh, 
texture, rendering

ÅBut lack of control for 
any posture/animation

StyleGAN é

StyleGAN2



EditGAN

ÅEditing Area instead of global features

ÅEditGAN: High-Precision Semantic Image Editing. Ling etal. NIPS 

2021

Åmodifying the segmentation areas: drawing a new mask



EditGAN

ÅEditing Area instead of global features

ÅEditGAN: High-Precision Semantic Image Editing. Ling etal. NIPS 

2021

Åmodifying the segmentation areas: drawing a new mask



GAN                   vs                         AE
                + need images but no label

Need images and label but 

not so much because of the generator

+ Often the GAN offers more realistic 

results because the AE are limited 

to observing only the data

                               + New data goes into latent                
              space with encoder

- Hard to train                  + Ease of training

- New data can not enter in latent space directly

ÅGANs are used for image generation, style transfer, image-to-image 
translation, super-resolution, and realistic image generation.

ÅAutoencoders find applications in image denoising , dimensionality 
reduction, anomaly detection, and feature learning.



GAN                   vs                         AE

Latent space

AE = Encoder + Decoder

Latent space

GAN: only generator



GAN / AE: mixed = AE-GAN

ÅAE where Decoder is boosted by Discriminator like in GAN

ÅGAN where an Encoder is trained to convert any image into 

the GAN latent space

Latent space

GAN



Conclusion: AE-GAN

2021, GANs first demonstrated their capability to reproduce 

stunningly realistic 3D images (mostly faces). Next 

Åcreate temporally consistent video

Åincrease control

ÅClassical 3D pipeline will change, integrating NN (mesh, texture, é)

ÅSee for instance https://www.unite.ai/gan-as-a-face-renderer-for-traditional-cgi/
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History



POSES AND IMAGES



BODY MOVEMENT RECOGNITION 

AND ANALYSIS

For interaction: video games, HMI, VR, etc.

Study of sporting gestures

Study of walking in ambulatory pathology



MONOCULAR POSE ESTIMATION

(APPLICATIONS OF CNN)

VNect : Real -time 3D Human Pose estimation with a Single RGB 

Camera. SIGGRAPH 2017


