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Group’s Overview
Group Snapshot

• Physics of Machine Learning, PIs Aurélien Decelle (UPM) & 
Beatriz Seoane (UCM) 

• Current Size: Total members (2 Staff, 2 PhD, 4 Master, 2 visiting).
• Key Personnel Changes: 1 postdoc left, new hirings 2026: 3 

postdocs + 1PhD

Key Performance Indicators
 
• High-Impact Publications: 15 peer-reviewed papers (10 in Q1 

with 5 in D1 journals, 3 in A* conferences CS) 
• Funding Secured: Consolidator ERC grant (2025), PID2024-

158623NB-C21 (Coordinated project with the BIFI) 
• Training: 2-PhD ongoing, one defending in 2026
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Goal: Modeling scientific data

Dataset

Maximum Entropy modeling
Multiple constraints

Infer effective 
interaction networks

Advantages:  
Simple models  Very interpretable→
Few parameters  Reliable scarce data→

Disadvantages:
Too simple models  Limited expressivity→   
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Advantages:
Very expressive

Disadvantages:
Unsustainable
Data-hungry
Black-boxes

Deep Learning 
Computer Science: Generative models

Advantages:
Highly expressive → Model complex systems
Energy & data efficient → meet scientific needs
Interpretable  → Learn from data

Challenge:
Hard to train and sample from

Energy-based models (EBMs)

Input Layer  ¹∈ ℝ ⁰ Hidden Layer  ⁷∈ ℝ Hidden Layer  ⁴∈ ℝ Output Layer  ¹∈ ℝ
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Main challenge : They are very hard to train, evaluate, and sample

1) Diagnosis
Uncontrolled Monte Carlo 

2) Physical origin
Metastability

Cascade of Phase Transitions

3) Accurate methods 
Training

Likelihood estimations
Generating

It’s time to bring EBMs back !
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Ising - Decelle, Furtlehner, Navas Gómez, S, SciPost Phys. (2024)
Potts - Decelle, Navas-Gómez, S, accepted in Physical Review Letters (2025)

Multi-body 
interaction 
inference

Universal toolbox for data-driven studies across fields

Energy function
Free-energy landscape
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 Thermodynamic sampling units (TSUs)
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ML Challenges

Architecture
Hyperparameter
Sampling

Theoretical 
insights

2025

Data cleaning
Regularization
Early-stopping protocols
Federated learning 
protocols
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Theoretical 
insights Algorithms Proof-of-

concept

Ready-to-use,
Fast & low-cost code

outcome
WP1WP4,6

WP2,3

WP5

- privacy
- feature 
detection Effective 

models

TurbulenceNeuroscience Human 
genome

Proteins
- Medical imaging
- Lattice gauge theory
- High energy experiments
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