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Group'’s Overview

Group Snapshot

* Physics of Machine Learning, Pls 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




Goal: Modeling scientific data
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id gender age hypertension heart_disease ever_married  work_type Residence_type avg_glucose_level bmi smoking_status stroke

0 9046  Male 67.0 0 1 Yes Private urban 22869 366 Fformerly smoked 1
1 51676 Female 61.0 0 0 Yes Self-employed Rural 20221 NaN  never smoked 1
2 31112 Male 80.0 0 1 Yes Private Rural 10592 325  neversmoked 1
3 60182 Female 49.0 0 0 Yes Private Urban 17123 344 smokes 1
4 1665 Female 79.0 1 0 Yes self-employed Rural 17412 240 never smoked 1
5 56669 Male 81.0 0 0 Yes Private urban 186.21 29.0 Formerly smoked 1
6 53882 Male 740 1 1 Yes Private Rural 7009 274  neversmoked 1
7 10434 Female 69.0 0 0 No Private Urban 9439 228 never smoked 1
point_id process_id s Q Qmin Qmax y ymin ymax qT .. kCutl kCut2 eta_min eta_max
[} noﬁ_:‘sd 1/1/1/3 1690000000 91.0 66.0 116.0 0.0 -2.5 25 1.0 . 27.0 27.0 -2.5 2.5 .
1 “0';:‘31' 1/1/1/3 1690000000 91.0 660 1160 00 25 25 30 .. 27.0 270 2.5 2.5 /
2 noﬁ_:ﬁé 1/1/1/3 1690000000 91.0 66.0 116.0 0.0 -2.5 235 50 . 27.0 27.0 -2.3 2.5 /
3 no’?ﬂ% 1/1/1/3 1690000000 91.0 660 1160 00 -2.5 25 70 .. 27.0 270 -2.5 2.5 ‘
4 A3y 1/1/3 1690000000 91.0 660 1160 00 25 25 90 .. 27.0 270 2.5 2.5

norm.4



y [Kpe/h]

Goal: Modeling scientific data
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id gender age hypertension heart_disease ever_married work_type Residence_type avg_glucose_level bmi smoking_status stroke
0 9046  Male 67.0 0 1 Yes Private urban 22869 366 Fformerly smoked 1
1 51676 Female 61.0 0 0 Yes Self-employed Rural 20221 NaN  never smoked 1
2 31112 Male 80.0 0 1 Yes Private Rural 10592 325  neversmoked 1
3 60182 Female 49.0 0 0 Yes Private Urban 17123 344 smokes 1
4 1665 Female 79.0 1 0 Yes self-employed Rural 17412 240 never smoked 1
5 56669 Male 81.0 0 0 Yes Private urban 186.21 29.0 Formerly smoked 1
6 53882 Male 74.0 1 1 Yes Private Rural 7009 274  neversmoked 1
7 10434 Female 69.0 0 0 No Private Urban 9439 228 never smoked 1
point_id process_id s Q Qmin Qmax y ymin ymax qT .. kCutl kCut2 eta_min eta_max
[} ncﬁ_:‘% 1/1/1/3 1690000000 91.0 66.0 116.0 0.0 -2.5 25 1.0 . 27.0 27.0 -2.5 2.5
1 nofr:ﬂ' 1/1/1/3 1690000000 91.0 660 1160 00 -25 25 30 .. 27.0 270 2.5 25
2 nofﬁz' 1/1/1/3 1690000000 91.0 660 1160 00 -25 25 50 .. 27.0 270 25 25 /
3 no’:ﬂ% 1/1/1/3 1690000000 91.0 660 1160 00 -2.5 25 70 .. 27.0 270 -2.5 25 ‘
4 A3y 1/1/3 1690000000 91.0 660 1160 00 25 25 90 .. 27.0 270 2.5 25

norm.4
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. .
1 51676 Female 610 o 0 Yes Self-employed Rural 20221 NN never smoked 1 I nte ra Ctl On n etWO rks
2 31112 Male 80.0 0 1 Yes Private Rural 10592 325  neversmoked 1
3 60182 Female 49.0 0 0 Yes Private Urban 171.23 344 smokes 1 N
4 1665 Female 79.0 1 0 Yes self-employed Rural 17412 240 never smoked 1 o~
5 56669 Male 81.0 0 0 Yes Private urban 186.21 29.0 Formerly smoked 1
6 53882 Male 74.0 1 1 Yes Private Rural 7009 274 never smoked 1 =%
7 10434 Female 69.0 0 0 No Private Urban 9439 228 never smoked 1 O-,L O-’L O-J
Ihibitory
point_id process_id s Q Q_min Q_max y y_min y_max gT .. kCutl kCutz eta_min eta_max
[} "0'?’_:‘36 1/1/1/3 1690000000 91.0 66.0 116.0 0.0 -2.5 25 1.0 . 27.0 27.0 -2.5 2.5
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Alternative : Generative models

Deep Learning

Computer Science: Generative models

Advantages:
Very expressive
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Alternative : Generative models

Deep Learning

Computer Science: Generative models

Energy-based models (EBMs)
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Energy Based Models (EBMa)
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Main challenge : They are very hard to train, evaluate, and sample




Energy Based Models (EBMa)
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Energy Based Models (EBMa)
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1) Diagnosis
2 -
Uncontrolled Monte Carlo

* Decelle, Furtlehner, S, NeurlPS (2021)
* Agoritsas, Catania, Decelle, S, ICML (2023)




Energy Based Models (EBMs)

e—?—le (o)
Zo

Joth Ho;pfield ?éfiffreyﬁinfon pdata ~U pe (0-) —

1) Diagnosis 2) Physical origin

u lled Monte Carl i Metastability
neontrofie onte tarlo Cascade of Phase Transitions
" Decelle, Furtehner, S, NeurlPS (2021) * Béreux, Decelle, Furtlehner, S, SciPost Phys. (2023)

* Agoritsas, Catania, Decelle, S, ICML (2023) * Bachtis, Biroli, Decelle, S NeurIPS (2024)




Energy Based Models (EBMa)
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3) Accurate methods

- Training
II» Metastability II» Likelihood estimations

1) Diagnosis 2) Physical origin

Uncontrolled Monte Carlo

Cascade of Phase Transitions Generating
* Decelle, Furtlehner, S, NeurlPS (2021) * Béreux, Decelle, Furtlehner, S, SciPost Phys. (2023) * Carbone, Decelle, Rosset, S, IEEE TPAMI (2025)
* Agoritsas, Catania, Decelle, S, ICML (2023) * Bachtis, Biroli, Decelle, S NeurIPS (2024) * Béreux, Decelle, Furtlehner, Rosset, S, ICLR (2025)




Energy Based Models (EBMa)

e—?—le(o)
Zo
~Main-challenge: Theyareveryhard-to-trainevaluate,andsample- NO longer frue

b pootts Gty Pdata ~ Po(0) =

. . . 3) Accurate methods
2) Physical origin Fating

1) Diagnosis 1
II» Metastability II» Likelihood estimations

Uncontrolled Monte Carlo

Cascade of Phase Transitions Generating
* Decelle, Furtlehner, S, NeurlPS (2021) * Béreux, Decelle, Furtlehner, S, SciPost Phys. (2023) * Carbone, Decelle, Rosset, S, IEEE TPAMI (2025)
* Agoritsas, Catania, Decelle, S, ICML (2023) * Bachtis, Biroli, Decelle, S NeurIPS (2024) * Béreux, Decelle, Furtlehner, Rosset, S, ICLR (2025)

Tt time to bring EBM back! | ©BeME




Why EBMs ?
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Potts - Decelle, Navas-GOmez, S, accepted in Physical Review Letters (2025)
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Neural Activity - Béreux, Catania, Decelle, Mignacco, Navas Gomez, S. ArXiv (2026)




Energy function

Ising - Decelle, Furtlehner, Navas Gémez, S, SciPost Phys. (2024)
Potts - Decelle, Navas-GOmez, S, accepted in Physical Review Letters (2025)
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Why EBMs ?

world model

predicts possible future world
states caused by imagined
actions proposed by the actor

short-term memory

keeps track of the current
and predicted world states
and associated intrinsic cost

intrinsic cost | critic |

) trainable, 8
Aok tramf:ble, predicts future 4
firedad intrinsic cost
perception
estimates the current state
of the world

LeCun, Y. (2022). Open Review, 62(1), 1-62.
Dawid, A., & LeCun, Y. (2024). Journal of Statistical Mechanics: Theory and
Experiment, 2024(10), 104011.

IPARCOS




Thermodynamic sampling units (TSUs)

-e- GPU
-X- Prob. Computer

Why EBMa ?

world model

predicts possible future world
states caused by imagined

short-term memory

actions proposed by the actor

2

keeps track of the current
and predicted world states

intrinsic cost | critic I and associated intrinsic cost
) trainable, 8
not trainable, 7 i)
2 predicts future | =
hard-wired L
intrinsic cost

perception

estimates the current state
of the world

LeCun, Y. (2022). Open Review, 62(1), 1-62.
Dawid, A., & LeCun, Y. (2024). Journal of Statistical Mechanics: Theory and
Experiment, 2024(10), 104011.




ML Challenges
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1) Making neural networks interpretable and transparent
2) Challenge the prevailing “bigger is better” paradigm

3) Ensure reliability even with limited data
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-

2) Challenge the prevailing “bigger is better” paradigm

\3) Ensure reliability even with limited data
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ML Challenges &BeME
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ML Challenges &BeME
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\3) Ensure reliability even with limited data Y, L T

Theorelical
imighta Architecture
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Data cleaning
Regularization
Early-stopping protocols
Federated learning
protocols

== ICML 2025

International Conference
On Machine Learning

Sampling

A Theoretical Framework For Overfitting In Energy-based Modeling

Giovanni Catania' Aurélien Decelle ' > Cyril Furtlehner® Beatriz Seoane !
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. - Medical imaging
7, - Lattice gauge theory
= - High energy experiments
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