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Members: 4000 (200 laboratories, 20 members of the club of industrial
partners or EPICs)
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Members: 4000 (200 laboratories, 20 members of the club of industrial
partners or EPICs)

Eight axes:

1- Machine learning

2- Theory and methods

3- Computational imaging

4- Fusion, multimodality,
sensor networks,
multicanal processing

5- Audio, vision, perception

6- Algorithm-architecture
adequacy, embedded
processing

7- Multimedia coding and
security

8- Telecommunications
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”Thematic” activities of the GdR by keywords

10%

20%

30%

40%

50%

60%

Mesures d'informations,
entropies, divergences

Information
quantique

Temps-fréquence,
temps-échelle,

analyse harmonique

Capteurs, co-conception
acquisition/traitement

Problèmes
inverses

Représentations
parcimonieuses,

ICA, tenseurs,
matrices structurées

Inférence
bayésienne

Détection-estimation,
processus aléatoires

Grandes matrices
aléatoires

Signaux
sur graphes

Transport
optimal

Optimisation pour le TSI
et l'apprentissage

Inférence/optimisation
sur variétés/groupes

Géométrie discrète,
morphologie mathématique

Colorimétrie

Qualité des
signaux/images

Calcul
distribué

Adéquation
algo/architectures

Langages systèmes,
outils de développement

Architectures hétérogènes,
implémentation

Systèmes temps
réel embarqués

Compression

Echantillonnage

Formes d’ondes
pour les télécom
et la localisation

Codes pour les systèmes
multi-antennaires/utilisateurs

Modélisation
des performances

des réseaux

Codage réseaux

TS pour
les télécom

Tatouage,
stéganographie,

stéganalyse

Multimédia
forensics

Traçage
de traitre

Hachage perceptuel,
partage de

secrets visuels

Analyse/traitement
dans le domaine chiffré

Apprentissage
sous contrainte

d’adversaire

Apprentissage
pour l'analyse de

signaux et d’images

Apprentissage
de représentation,

apprentissage profond

Compréhension,
analyse des

réseaux profonds

Connaissances,
explicabilité

en apprentissage

Multimodalité, fusion
de l'information

TS acoustique,
audio, parole

Télédétection,
radar, sonar,

traitement d’antenne

Vision par
ordinateur

Télécom,
réseau

Apprentissage
machine

Théorie et
méthodes

Imagerie
computationnelle

Fusion, multimodalité,
réseaux de capteurs,
traitement multicanal

Audio, vision,
perception

Traitements embarqués,
adéquation algorithmes-architecture

Codage et
sécurité

multimédia

Télécommunications

(546 answers at date 24/08/2023, 8 votes per answers among 43+19=62 keywords)
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”Applicative” activities of the GdR by keywords

5%

10%

15%

20%

25%

IHM

Biométrie, sécurité
des traits biométriques

Vidéo
surveillance

Aéronautique,
spatial

Agroalimentaire

Astronomie,
astrophysique

Biologie

Chimie

Contrôle non destructif,
surveillance,

monitoring industriel,
manufacture, textile

Environnement,
énergie, eau

Génie civil, bâtiments, architecture,
urbanisme, valorisation du patrimoine,

sauvegarde, création

Géophysique,
sismologie,

sismique

Physique

Biomédical,
médecine

Multimédia,
internet,

jeux vidéos

Presse et documents papier,
films et enregistrements anciens

Robotique

Sciences humaines
et sociales

Transport

(546 answers at date 24/08/2023, 8 votes per answers among 43+19=62 keywords))
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Theory and Methods: some scientific days

1. Signal processing on graphs

2. Covariance matrices in statistics and learning

3. Multivariate polynomials in statistics and signal processing

4. Simulation and optimization

5. Optimization

6. Classical and quantum information measures (entropy,...)

7. Robust statistics: recent developments

8. Constrained matrix factorization

9. Evaluation of optimization algorithms and Monte Carlo
algorithms (benchmarks)

10. Exact L0 optimization
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Computational imaging

1. Inverse models in astrophysics

2. Non-conventional optical imaging

3. Co-design (hybrid sensors and algorithms for innovative systems)

4. Inverse problems for tomography

5. Radio astronomy

,
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Typical problems (non exhaustive)
Optimization in machine learning methods for estimating
network parameters, hyper-parameters...

Inverse problems in image processing (denoising, restoration, 3D
reconstruction, image registration, motion estimation,...)

Image compression: finding the smallest bit rate while keeping
the best quality

Signal transmission: maximizing spectral efficiency as a
function of channel propagation conditions

Wireless communications: Bandwidth allocation

Image segmentation by functional optimization to find
contours, homogeneous areas, (e.g. Mumford Shah functional)

Classification (SVM, Random Forest, Neural Networks,...)

Fusion of multimodal data

Blind source separation

...
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Opimization in GdR IASIS

Not only users but contributors

,
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Typical problems: Inverse problems
Estimate variable u from noisy incomplete observed data g

Restoration/Deconvolution/super-resolution

Biological Imaging, Satellite Imaging, Astrophysical Imaging

Image reconstruction (ex: medical imaging)

,
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Image reconstruction (ex: medical imaging)
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Typical problems: Inverse problems

Estimate variable u from noisy incomplete observed data g
through the physical observation system

g = Au+ n

g ∈ Rm observed noisy degraded data,
u ∈ Rn reconstructed/restored super-resolved image,
A observation matrix (in Rm × Rn)
n multidimensional random variable, additive white Gaussian noise.

Regularized least square solution

û = argmin
u∈RN

{
1

2
∥Au− g∥22 + R(u)

}

,
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Typical problems

û = argmin
u∈RN

{
∥Au− d∥22 + R(u)

}
.

R(u) = ∥u∥22 , ∥u∥
p
p , ∥u∥1 , ∥u∥0 , ∥Du∥22 , ∥Du∥pp , ∥Du∥1 , ...

Non differentiability of ∥.∥1, non convexity of ∥.∥pp , 0 < p < 1,
non continuity of ∥.∥0 (NP-hard problem),...

Algorithms from gradient descent type, proximal, primal-dual,
alternating directions method of multipliers, Branch-and-bound,...

Stochastic interpretation: Maximum a posteriori using Bayes
rule

û = argmax
u∈RN

P(g | u).P(u)

Stochastic optimization algorithms, SGD, SA, sampling from
multidimensional density,...
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Parameter estimation

J(u, θ) =
1

2
∥A(θ1)u− g∥22 + R(u, θ2)

Deterministic approaches
• Regularizing parameter estimation: Cross-validation, L-curve,

homotopy, bi-level method, NN learning,
• Joint estimation with constraints on parameters, e.g. physical

constraints on θ1,
• ...

Stochastic approaches
• Stein Unbiased Risk Estimator (SURE),
• Maximum Likelihood (ML) estimator with problem of sampling on

n-dimensional Gibbs distribution,
• Expectation-minimization (EM) algorithm for ML estimator with

latent variables,
• ...
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Discrete/Continuous Sparse Optimization

Figure: Discrete case

the reconstructed peaks are
necessarily on the fine grid;

(non-)convex combinatorial
optimization;

a lot of algorithms;

large literature.

argmin
u∈RN

1

2
∥g − Au∥22 + λ ∥u∥0 or 1

Figure: Off-the-grid case

not limited by the grid;

functional convexity on an
infinite dimensional space;

measure space with non
Hilbertian structure, non
reflexive Banach space;

more recent field of research.

argmin
m∈M(X )

1

2
∥g −Am∥22 + λ ∥m∥TV
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Optimization is everywhere in Learning, Signal, Image and Vision!

Thank you for your attention
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Parameter estimation: deterministic approach

J(u, θ) =
1

2
∥A(θ1)u− g∥22 + R(u, θ2)

Regularizing parameter estimation: Cross-validation, L-curve,
homotopy, bi-level method, NN learning, ...

θ̂ = argmin
θ∈Θ

L(û(θ))

û(θ) = argmin
u∈RN

{
1

2
∥A(θ1)u− g∥22 + R(u, θ2)

}
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Parameter estimation: stochastic approach

J(u, θ) = ∥A(θ1)u− g∥22 + R(u, θ2)

Stein Unbiased Risk Estimator (SURE)

Maximum Likelihood (ML) estimator with problem of sampling
on n-dimensional Gibbs distribution

Expectation-minimization (EM) algorithm for ML estimator
with latent variables:

E-step: compute Eu|g,θk [logP(g,u|θ)] = Q(θ, θk)

M-step: θk+1 = argmax
θ∈Θ

Q(θ, θk)
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