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Why Now?



What ML for Physics used to be

• Task specific, supervised, one model per analysis
• High performance, but low reuse beyond task

TASK 1

CLASSIFY
OUTCOME



Machine Learning: Patterns = Knowledge

“very good”

“good”

“not good”

“not very good”

“good, but very...”

• Traditional statistical tools are great for independent and identically distributed (IID) variables 
• Rarely the case in raw data; besides, data sometimes comes in infeasible to compute quantities 
• Equivariant models such as CNNs excel in pattern recognition

Flek et al., WASSA 2015 Flek et al., CHEP 2015



Why task-based ML is not enough

• Labels are scarce and biased, 
discovery is not just classification

• Domain shift and reusability
• Workfllow complexity



What is a Foundation Model



Foundation Models in HEP
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Representation Learning
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How does it work

OmniJet-Alpha (2024) HEP-JEPA (2025)
The first cross-task foundation model for particle physics Joint Embedding Predictive Architecture for 

collider physics

RS3L (2024)
Contrastive Pretraining via Resimulation



Foundation Models  in Astrophysics



Foundation Models  in Astrophysics

Astronomical Foundation Model for Stars (H. Leung, 2023)



Physics-Aware Deep Learning
• Lorentz Invariance, detector geometry…
• symmetry-aware models in cosmology
• physically constrained time-series models in GW



Noise removal in GW

WaveFormer, DeepClean, Physics-informed ML for non-linear and non-stationary noise ( slowxfast CNNs…)



Simulation-Based Inference

Surrogates for Simulations
CaloFlow etc., but also e.g. GW (BBH NR) surrogates… 
Typically GANs, VAEs, NFs

Simulation-Based inference
Simulation-based inference with consistency models for neural posterior est. (CMPE), 
Contrastive Normalizing Flows (CNFs)...

• Orders of magnitude speed-up

•Surrogate: θ → x 
(fast detector 
response)

•SBI: x → p(θ|x) 
(posterior, 
calibrated)



Discovery-oriented ML

• How to find rare/unexpected 
events without signal labels?

• Input: events / embeddings
• Output: anomaly score + ranked 

candidates (+ neighbors)



What about large language models?



What about large language models?
LLMs are NOT physics inference engines
• They are really bad at:



What LLMs are good at

ingesting literature, extracting assumptions

generating analysis scripts and simulation code running models, scanning parameters, 
validating outputs

provenance, assumptions, metadata



From LLMs to AI Agents



LLM Agents: eROSITA

LLM managed to understand the database structure 

of these specific satellite data, retrieve the correct 

dataset based on just the name of the galaxy cluster, 

and put useful labels on the created image, including 

even the name of the central cluster galaxy.

LLM  managed to download several tiles to 

create a larger image with the galaxy cluster in 

the center but failed to notice there are 

overlap regions, resulting in grid-like 

artefacts in the merging process.

“Download one tile of eROSITA data that 
includes the Fornax galaxy cluster and plot 
an image”



LLM Agents in physics: GW



LLM Agents: cosmology



LLM Agents: Mephisto
Interpreting Multi-band Galaxy Observations 

with Large Language Model-Based Agents” (arXiv:2409.14807)



Limitations



Verifiable science agents
Agents should route uncertainty — NOT invent it



https://astropilot-ai.github.io/DenarioPaperPage/

AI-Assisted Discovery Flow



Take-aways

Agents don’t replace inference — they coordinate inference.
Science stays physics-first, but becomes hopefully faster, 

more reproducible and easier to verify.



Thank you for your

!



Structure + Scale = Discovery



Backup Slides



Uncertainty = Good Science

It took AI engineers a decade 
to adopt a physics mindset…

Kang et al. ,ArXiV CS.AI, 14 Oct 2025 https://arxiv.org/pdf/2510.12040 ArXiV CS.AI, 27 Aug 2025 https://arxiv.org/pdf/2508.14496

CMS slides on Higgs, CERN, Dec 2012

ArXiV CS.AI, 10 Sept2025 https://arxiv.org/pdf/2303.02444



AI Agents
What agents already do:
• Reading: ingesting literature, extracting 

equations & assumptions.
• Coding: generating analysis scripts and 

simulation code.
• Simulating: running models, scanning 

parameters, validating outputs.
• Comparing: confronting predictions with 

data.
• Logging: tracking provenance, assumptions, 

metadata.

https://github.com/CMBAgents/



Hypothesis Generation

https://arxiv.org/pdf/2510.26887



Scientific LLMs

AstroSage, AstroBench https://arxiv.org/pdf/2407.11194, https://www.kaggle.com/competitions/tracs-wasp-2025/



Reasoning Errors in LLMs
Math Derivation Errors 
• LLMs introduce algebraic steps that don’t follow, ignores subscript
• Drop terms or misapply integration rules.
• Produce plausible-looking but invalid solutions.

HEP and Astro Reasoning Hallucinations
• LLMs invent detector constraints and wrong kinematic formulas.
• Produce non-existent ROOT functions, incorrect code, explanations physically false.
• mixing up redshift evolution and cosmic time,
• applying Newtonian approximations where relativistic ones are neede
• misinterpreting “magnitude” changes as linear rather than logarithmic,
• treating correlation as causation in exoplanet datasets

Error-Based Failures
• treat statistical + systematic errors as additive when they should be quadrature-

combined,
• propagate uncertainties incorrectly,
• or interpret confidence intervals as standard deviations.



Where LLMs fail

GPT5 release report v1: GPT5 release report v2: 




