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

>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?

* | ess time on mechanics of data analysis
* More time on questions, hypotheses, interpretations
* Revolutionize the way we do science



What might that look like?
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What might that look like? 6
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What might that look like?

_( Active Learning: Results drive theory hypothesis selection
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What might that look like?

Automated workflows — Agentic science
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Systems to do rapid, optimal, and automated
searches through lots of data and theory space
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How might we get there? 0

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

Each is an exciting research frontier!

Adaptable calibration Not enough time to discuss all!

Active learning to drive hypothesis selection and parameter scans

Automating processes through workflows, active learning and agents



What 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



What is a foundation model?
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How we typically think about ML models
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Foundation models take a different approach y

Pre-train one model that acts as the foundation for many different tasks

-~ ~ [ Ta15k J { Ta;sk }
Large Scale Foundation
3lverse :> Model |:>
ataset Task Task
N J 2 4
Pre-training Fine-tuning / zero-shot / few-shot

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

Bespoke solutions — Reusable Infrastructure



The Power of Scale: Large Models, Data, Compute

15

Maijor Large Language Models (LLMs) Qe
ranked by capabilities, sized by billion parameters used for training
CLICK LEGEND ITEMS TO FILTER
@ anthropic @ chinese  google @ meta @ mistral @ openAl @ other @ xAl Q search... show only: all
MMLU
DeepSeek V31
Claude 3.5 Sonnet @ GPT oT* ’
1 89.8 = human expert {‘DT n1 rrn" 2 4
S * [ ‘uem.m25Prc
. L & GPT=496ma 314058 CIaudeOpusd
GPT-4 Classi Erie 40 o Opus'v o G6zen2s Deepsee" V3 Quend:Next &
|~ SSIC .
80 ° GemlrﬂS@o ® ¢ ° ® 8 Mistralsmall3a .GP # & ®Mitral Medium 3
° ® Claude 21 Nemotron-4-340B®
U e Ciude? Y3480 o ™. ® - Gemini £510%, Maverick
4 = ~Gemini 2.0
: | ) hatGPT-(ant-3.5-turbo) @ Titan Falm21805 g DBRX —Gemini 5 @ Claude 4.0 Sonnet
1470+ 1DEAL A7) {gpt-2:5-turbo)@ s r . e T EPRIES
— &
P LLaMA-658 LlamaZ . : = Se
60 o Emiess— o & ® 20 0 ®Lama3238 Grok4
Skywork135
e RakutenAl-78 =
— -| ® Minitron-4B
Gopher e @ Granite + MAP-Neo
= . ®Nemotron-3228 o @ o °
o Baichuan 2 Pile-T5 OLMoE-18-78
Galacti
R é ® JetMoE-8B
Aé“‘ Griffin
as
4 ®
40 GPT-3 o
i * ® © HLAT
UL220B BLOOM BloombergGPT Command-R ®
Hawk
* ° °
GPT-NeoX N RWKV-v5 Eagle 78 Rene
® Mistral 7B
ROBERTa ° e e ond
Mamba OpApple.On-Device Jun 24 6
20 AMD-Llama-135m
pre-2022 2022 2023 2024 2025

David McCandless, Tom Evans, Paul Barton
Informationisbeautiful // Sep 2025

MMLU = benchmark for measuring LLM capabilities
* = parameters undisclosed // source: LifeArchitect // data

maoe with VIZsweet

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

Loss vs Model and Dataset Size
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The Power of Scale: Large Models, Data, Compute 6

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

Loss vs Model and Dataset Size
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What might that look like?

Automated workflows — Agentic science
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What 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
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Pre-training with Self-Supervision



Masked Language Modeling
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Strategy: Mask some elements of input sequence, then predict missing tokens
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Image credit: 2104.01642


https://arxiv.org/abs/2104.01642

Masked Particle Modeling

21

Mask individual particles, predict properties

Amenable to large-scale data-based training

Cross Entropy Loss
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Tokenization

22

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

* Can facilitates and improve target predictions

* Poor tokenization can lead to resolution loss
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https://arxiv.org/abs/2403.05618
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Multi-Modality



Towards Big Multi-Modal Modals for Particle Physics ”
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Like masked language modeling
but on multi-modal physics data
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https://arxiv.org/abs/2409.12589

Towards Big Multi-Modal Modals for Particle Physics s

Pattern Recognition
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N. Kakati, B. Hashemi, E. Gross, L. Heinrich, M. K. Leigh, Klein, ..., MK, ..., 2409.12589


https://arxiv.org/abs/2401.13537
https://arxiv.org/abs/2409.12589
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Building bigger models 2
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Neural Scaling Laws
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Performance improvement is predictable in the limit of large data and models

Scaling Laws for Neural Language Models

Jared Kaplan * Sam McCandlish*
Johns Hopkins University, OpenAl OpenAl
jaredk@jhu.edu sam@openai.com

Tom Henighan Tom B. Brown Benjamin Chess Rewon Child

OpenAl OpenAl OpenAl OpenAl
henighan@openai.com tom@openai.com bchess@openai.com rewon@openai.com
Scott Gray Alec Radford Jeffrey Wu Dario Amodei

OpenAl OpenAl OpenAl OpenAl
scott@openai.com alec@Qopenai.com

jeffwuQopenai.com damodei@openai.com

Result: Power laws
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Larger models require fewer samples
to reach the same performance
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https://arxiv.org/abs/2001.08361

Scaling Laws in Particle Physics

Parameters N
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Scaling Laws in Particle Physics

(False positive rate)?!

ATL-SOFT-PUB-2026-002

Vigl, Hartman, MK, Heinrich, 2602.15781,

Light-jet rejection
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Does Pre-training help in Measurements?

2401.13536

A\
A\
A\

Object Data
(jets)
4 )

| Object Backbone | - Fix
Pre-train J - Fine-tune

(jet classifier) | _no pre-train
o )

Vs

Analysis Network ]

-

S/B



https://arxiv.org/abs/2401.13536

Does Pre-training help in Measurements? -

2401.13536
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https://arxiv.org/abs/2401.13536

Adaptable Reconstruction for Detector Optimization 9

Data reconstruction with ML-based Particle Flow
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What about the outer parts of the loop?

Automated workflows — Agentic science

o W= mm mm mm mm Em Em Em Em Em Em Em Em Em Em Em Em Em Em Em ER Em EE Em SR Em SR R SR ER R ER Em EE Em SR EE AR R Em ER Em ER Em Em Em Em E R o e

/
/J( Active Learning: Results drive theory hypothesis selection w )

N e e e e o e o En En Em Ee EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE EE Em EE Em Em Em Em Em Em EE Em o Em Em mm Em = ==

—e o o o o o EE o EE o mm Em Em Em ==
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Active Learning- Exploring Theory Space s

Entropies
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Towards Agentic Science in HEP
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2601.02484

Resummation of the C-Parameter Sudakov Shoulder
Using Effective Field Theory

Matthew D. Schwartz'?

! Department of Physics, Harvard University, Cambridge, MA 02138, USA
2 Institute for Artificial Intelligence and Fundamental Interactions (IAIFI)

schwartz@g.harvard.edu

AT RESEARCH ASSISTANT: Claude Opus 4.5 (Anthropic)

January 7, 2026

Abstract

The C-parameter distribution in e*e™ annihilation exhibits a kinematic shoulder at C = 3/4,
where three-parton final states reach their maximum and a fourth parton is required to
exceed it. This boundary generates large logarithms that must be resummed. Using soft-
collinear effective theory, we derive a factorization theorem involving new jet and soft func-
tions specific to the C-parameter measurement, in which soft radiation contributes quadrat-
ically in transverse momentum. This quadratic structure explains the step discontinuity at
leading order. We compute all ingredients at one loop, validate against Monte Carlo, and
present matched NLL+NLO results. Unlike thrust and heavy jet mass, the C-parameter
has no Sudakov-Landau pole, making momentum-space resummation straightforward. All
calculations, numerical analysis, and manuscript preparation were performed by Claude, an
Al assistant developed by Anthropic, working under physicist supervision.


https://arxiv.org/abs/2601.02484

Towards Agentic Science in HEP s

First steps using LLM agents to plan, code, and evaluate LHC data analysis

Al Agents Can Already Autonomously Perform

Automating High Energy Physics Data Analysis with LLM-Powered Agents Experlmental ngh Energy PhySICS
Eli Gendreau-Distler,52 * Joshua Ho,2 T Dongwon Kim,"2 ! Luc Eric A. Moreno*12, Samuel Bright-Thonney 12, Andrzej Novak 12, Dolores Garciaf?,
Tomas Le Pottier,"»2 % Haichen Wang,»> ¥ and Chengxi Yang! 2 ** and Philip Harris’"?

! Department of Physics, University of California, Berkeley, Berkeley, CA 94720, USA
2 Physics Division, Lawrence Berkeley National Laboratory, Berkeley, CA 94720, USA

Autonomous HEP analysis framework

Physics objective Orchestrator agent

—_—

Delegates, never executes

Sequential phases — each gated by an output + review
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https://arxiv.org/abs/2512.07785
https://arxiv.org/abs/2603.20179

Summary -

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

Automated workflows — Agentic science

P e T e

,/
H ( Active Learning: Results drive theory hypothesis selection w
1

Foundation models are the infrastructure

I U
— Reusable, adaptable, and generalized § Simulation Data Analysis |
. : Theory . NE
ML tools that solve a variety of tasks ; L

ZQAdaptable and rapid calibrationJ

Exciting developments underway s S
— Key progress on new training methods,
multi-modality, scaling, adaptability

Agentic science is quickly developing
— Exploring the automation frontier
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Self-Supervised Learning and Fine-Tuning "

/ Step 1: Pre-training\
- |
o 0
e 2 50 —» [RENEISEEXE Pretext Task
N’ O | Objective
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specific
\ Data . head /

Trained Backbone Model

<----

Step 2: Fine-tuning
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Replace everything with one BIG neural Network? o

| don't believe this will work...

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

learnable blocks
1

Recent work: 2508.19190

d : N (backup slide)
Very large gap between
using only raw data
Versus using some
~ d physics knowledge

Hits > Higgs: Yes? No?



https://arxiv.org/abs/2508.19190

Replace everything with one BIG neural Network? %

2508.19190

Still enormous gap between using only hits

and using some physics knowledge

Causation vs correlation

How to use knowledge without over-constraining systems?

AUC @ Ntrain (k)

Model Input

8 18 38
MLP?* (full detector) Reco obiects 0.960 0.951 0.959
MLP® (only b-jets) ) 0.859 0.834 0.848
ParT® (full detector) Reco objects - — 0.972
Higgsformer-small (only inner tracker) : 0.704 0.757 0.779
Higgsformer-small (augmented, only inner tracker) [ Raw detector h1ts] 0.721 0.764 0.792

Transformers classifiers operating only on hits


https://arxiv.org/abs/2508.19190

A note about data: Jets

44

. YATLAS

EXPERIMENT

Jet = Unordered set of particles

Each particles has a list of features:

Particle = {momentum, direction, position, ...

~=

t—-UWb—-qgqgb

1909.12285


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

Transfer to many tasks

45

accuracy (%)

86

10-Class Jet Classification
with Transformer Head
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Out-of Distribution Classification
on different data set (b-tagging)
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