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2AI is everywhere in science

Nature 596, 583-589 (2021)

https://www.nature.com/articles/s41586-021-03819-2
https://www.nature.com/articles/s41586-021-03819-2
https://www.nature.com/articles/s41586-021-03819-2
https://www.nature.com/articles/s41586-021-03819-2
https://www.nature.com/articles/s41586-021-03819-2


3AI in science is everywhere... how might fundamental physics change?

>15 years of amazing results at the LHC

Yet a typical measurement or search analysis takes 2-3 years…



How would x10 – x100 speedup in time-to-result change the field? 
i.e. analysis only takes a day, or a week?

• Less time on mechanics of data analysis
•More time on questions, hypotheses, interpretations
•Revolutionize the way we do science

4AI in science is everywhere... how might fundamental physics change?

>15 years of amazing results at the LHC

Yet a typical measurement or search analysis takes 2-3 years…



5What might that look like?

⋮

Simulation
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Data Analysis
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10How might we get there?

Tools that adapt to our data analysis goals → ML is the infrastructure 

Optimizable data analysis → Analysis-as-fine-tuning

Rapid and on-demand data simulation

Adaptable calibration

Active learning to drive hypothesis selection and parameter scans

Automating processes through workflows, active learning and agents

Each is an exciting research frontier! 
Not enough time to discuss all!



11What are the optimizable and fine-tune-able data analysis tools?

Foundation models 

They are the ML infrastructure, the reusable, adaptable 
and generalized tools that propel these workflows



12What is a foundation model?

Image credit: 2108.07258

Prompt: Several giant wooly mammoths approach 
treading through a snowy meadow […] OpenAI Sora

https://arxiv.org/abs/2108.07258
https://openai.com/sora


13How we typically think about ML models
Train a specialized model to solve each task

Bespoke solutions → Reusable Infrastructure

(HEP right now)



14Foundation models take a different approach
Pre-train one model that acts as the foundation for many different tasks

Pre-training learn data representation that is useful / transfers to many tasks.

Bespoke solutions → Reusable Infrastructure



15The Power of Scale: Large Models, Data, Compute

Image credit: D. McCandless, T. Evans, P. Barton

2001.08361

1905.11946

https://informationisbeautiful.net/visualizations/the-rise-of-generative-ai-large-language-models-llms-like-chatgpt/
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/1905.11946


16The Power of Scale: Large Models, Data, Compute

2001.08361

1905.11946

Large-scale training requires

      A lot of (labelled?) data

Is there a way to train neural networks 
without the need for huge labeled datasets?

       Self-supervised learning

Self-supervision is data-type specific, 
adapted or new methods needed for HEP

https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/1905.11946
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18What do we need for our foundation models?

Training procedures, like self-supervision, that enable generalized 
representation learning

Multi-modality, to process information form different detectors or 
even different experiments

Scale, to take advantage of the large data, model, and compute 
limits that benefits learning

Adaptability, to put these models to use for a wide array of tasks



19

Pre-training with Self-Supervision



20Masked Language Modeling
Strategy: Mask some elements of input sequence, then predict missing tokens

Image credit: 2104.01642

[MASK]

https://arxiv.org/abs/2104.01642


21Masked Particle Modeling

Mask individual particles, predict properties

Amenable to large-scale data-based training

10-Class Jet Classification w/ Linear Classifier

Fine-tuned backbone
Fixed backbone
Standard training

VQ-VAE
Target Tokenizer
Additional model
to define labels

40M params
Pre-training gives better 
performance and better data 
efficiency on downstream tasks

MLST 5 035074 (2024), 
MLST 6 025075 (2025)

https://iopscience.iop.org/article/10.1088/2632-2153/ad64a8
https://iopscience.iop.org/article/10.1088/2632-2153/ad64a8
https://iopscience.iop.org/article/10.1088/2632-2153/ad64a8
https://iopscience.iop.org/article/10.1088/2632-2153/addb98
https://iopscience.iop.org/article/10.1088/2632-2153/addb98
https://iopscience.iop.org/article/10.1088/2632-2153/addb98


22Tokenization
Tokenizing does “in-context” discretization and compression of data space

• Can facilitates and improve target predictions

• Poor tokenization can lead to resolution loss

VQ-VAE
Target Tokenizer
Additional model
to define labels

Codebook size Codebook size

MLST 5 035074 (2024), 
MLST 6 025075 (2025) Image credit: 2403.05618

https://iopscience.iop.org/article/10.1088/2632-2153/ad64a8
https://iopscience.iop.org/article/10.1088/2632-2153/ad64a8
https://iopscience.iop.org/article/10.1088/2632-2153/ad64a8
https://iopscience.iop.org/article/10.1088/2632-2153/addb98
https://iopscience.iop.org/article/10.1088/2632-2153/addb98
https://iopscience.iop.org/article/10.1088/2632-2153/addb98
https://arxiv.org/abs/2403.05618
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Multi-Modality



24Towards Big Multi-Modal Modals for Particle Physics

Truth Particles Tracks

Calo Cells Calo Clusters

Reco particles High-level 
objects (jets)

Prior work:  Leigh, Klein, … , MK, … , 2401.13537
                      Leigh, Klein, … , MK, … , 2409.12589

Work in Progress:
N. Kakati, B. Hashemi, E. Gross, L. Heinrich, M. K.

Like masked language modeling 
but on multi-modal physics data

https://arxiv.org/abs/2401.13537
https://arxiv.org/abs/2409.12589


25Towards Big Multi-Modal Modals for Particle Physics
Pattern Recognition

Generative
Modeling

Work in progress Work in progress

Prior work:  Leigh, Klein, … , MK, … , 2401.13537
                      Leigh, Klein, … , MK, … , 2409.12589

Work in Progress:
N. Kakati, B. Hashemi, E. Gross, L. Heinrich, M. K.

Baseline

Better

https://arxiv.org/abs/2401.13537
https://arxiv.org/abs/2409.12589
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Scale



27Building bigger models

Transformer
ATL-PHYS-PUB-2026-001

Transformer

Graph NN

Deep Set

Recurrent NN

Deep MLP

ATLAS-PLOTS-FTAG-2023-01
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𝑶(𝟏𝑴) param

𝑶(𝟏𝟎𝑴) param

Better

https://cds.cern.ch/record/2953652
https://cds.cern.ch/record/2953652
https://cds.cern.ch/record/2953652
https://cds.cern.ch/record/2953652
https://cds.cern.ch/record/2953652
https://cds.cern.ch/record/2953652
https://cds.cern.ch/record/2953652
https://cds.cern.ch/record/2953652
https://cds.cern.ch/record/2953652
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/


28Neural Scaling Laws
Performance improvement is predictable in the limit of large data and models

Result: Power laws

  (𝐿 𝑁, 𝐷 ≜ 𝐸 + "
#!
+ $

%"

2001.08361

More data More compute

Better

https://arxiv.org/abs/2001.08361


29Scaling Laws in Particle Physics

ATL-SOFT-PUB-2026-002
Vigl, Hartman, MK, Heinrich, 2602.15781,

https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://arxiv.org/abs/2602.15781


30Scaling Laws in Particle Physics
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True positive rate

Better

RED = Predicted from scaling law
         = Predicted from scaling law

ATL-SOFT-PUB-2026-002
Vigl, Hartman, MK, Heinrich, 2602.15781,

https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://cds.cern.ch/record/2953659
https://arxiv.org/abs/2602.15781
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Adaptability



32Does Pre-training help in Measurements?
2401.13536

Analysis Network

S/B

Jet dataJet dataJet data

Object Backbone
(jet classifier)

Object Data 
(jets)

Pre-train
- Fix
- Fine-tune
- No pre-train

https://arxiv.org/abs/2401.13536


33Does Pre-training help in Measurements?

Up to:
2-4X better Signal / Background
10X more data efficient 

2401.13536

Analysis Network

S/B

Jet dataJet dataJet data

Object Backbone
(jet classifier)

Object Data 
(jets)

No Pre-training
(from scratch train)

End-to-End
Fine-tuning

Double Higgs HHà4b vs Background Events
(F
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-1

Pre-train

Standard analysis
(fixed backbone)

- Fix
- Fine-tune
- No pre-train

https://arxiv.org/abs/2401.13536


34Adaptable Reconstruction for Detector Optimization

ML-based 
Particle Flow

Data reconstruction with ML-based Particle Flow

Fine-tuned model
10x less data for 
same performance

Pre-train:   CLICdet
Fine-tune: CLD

PRD 111, 092015 (2025)

https://doi.org/10.1103/PhysRevD.111.092015


35What about the outer parts of the loop?

⋮

Simulation
Theory

Active Learning: Results drive theory hypothesis selection

On-demand
rapid data generation

Systems to do rapid, optimal, and automated 
searches through lots of data and theory space

Data Analysis

Per-Theory-Point (hypothesis) 
Fine-tuning and optimization

Adaptable and rapid calibration

Automated workflows → Agentic science



36Active Learning– Exploring Theory Space

ML Model

Simulation

Train

Update

Theory Simulation Data Analysis Pipeline Statistical Analysis ML to suggest
new Theory

ATL-PHYS-PUB-2022-045

https://cds.cern.ch/record/2839789
https://cds.cern.ch/record/2839789
https://cds.cern.ch/record/2839789
https://cds.cern.ch/record/2839789
https://cds.cern.ch/record/2839789
https://cds.cern.ch/record/2839789
https://cds.cern.ch/record/2839789
https://cds.cern.ch/record/2839789
https://cds.cern.ch/record/2839789


37Towards Agentic Science in HEP

2601.02484

https://arxiv.org/abs/2601.02484


38Towards Agentic Science in HEP
First steps using LLM agents to plan, code, and evaluate LHC data analysis

2512.07785

2603.20179

https://arxiv.org/abs/2512.07785
https://arxiv.org/abs/2603.20179


39Summary

More rapid, optimal, automated data analysis 
 → Broader and faster searches through 
     data space, theory space, & design space

Foundation models are the infrastructure
 → Reusable, adaptable, and generalized 
     ML tools that solve a variety of tasks

Exciting developments underway
 → Key progress on new training methods, 
     multi-modality, scaling,  adaptability

Agentic science is quickly developing
  → Exploring the automation frontier
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Backup



41Self-Supervised Learning and Fine-Tuning

Ba
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Pretext
Objective

Task
specific

head

Downstream
Objective

Task
specific

head

Trained Backbone Model

Un-Labeled 
Data

Labeled 
Data

Pretext Task

Downstream Task



42Replace everything with one BIG neural Network?

I don’t believe this will work…

At least not with any “reasonable” model size, data size, compute

ϕ

Hits Higgs: Yes? No?

Recent work: 2508.19190
(backup slide)

Very large gap between 
using only raw data 
versus using some 
physics knowledge

https://arxiv.org/abs/2508.19190


43Replace everything with one BIG neural Network?
Still enormous gap between using only hits 
    and using some physics knowledge

Causation vs correlation
 How to use knowledge without over-constraining systems?

Transformers classifiers operating only on hits
2508.19190

https://arxiv.org/abs/2508.19190


44A note about data: Jets

Jet = Unordered set of particles

Each particles has a list of features:

Particle = {momentum, direction, position, … }

Image Credit: 1909.12285

https://arxiv.org/pdf/1909.12285.pdf


45Transfer to many tasks
10-Class Jet Classification 
with Transformer Head

Weakly Supervised Classification Out-of Distribution Classification
on different data set (b-tagging)

Element-wise (track) classificationSegmentation (vertex finding)


