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Artificial Intelligence and Machine Learning in Physics
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Rapid Growth of Al Publications in Physics

Number of HEP-ML Papers by Year
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Artificial Intelligence and Machine Learning

Artificial Intelligence (Al)

- mimic cognitive functions associated with
human intelligence

e.g. see, understand, respond, analyze data,
make recommendations, etc

Machine Learning (ML)

- extract knowledge from data and learn from it
autonomously

- no explicit programming

Neural Network

/ Deep Learning

Diffusion model Neural Network / Deep Learning
- Inspired by human brain that uses “neurons”
- learn based on deep neural network

- creates new content, such as text, images, and
audio, by learning patterns from existing data
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Human Brain and Neural Network
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Neural Network
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Types of Machine Learning

/ Supervised \ / Unsupervised \

e Use labelled data e Use unlabelled data
e Input-output values are given by human | | ® Find hidden patterns w/o human
i n te rve n tl O n Unlabeled Data Labeled Clusters

e Classification

~
\./

4 . ( .
g & & /@ 5 \
oo ® N ([ 0gf © ) @
o © Y N4 K-Means ‘\?‘ ® j
’ N _‘_r..a"ﬁ
=Cen roi

1st PC

e Dimension Reduction

® ION------ ine of Regression " "
Regression e Association

e Anomaly detection

Independent Variable

Dependent Variable
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Different architectures are bulilt from neural
network components and differ in how they
organize, connect, and process information

Convolutional Neural Network?
Graph Neural Network?
Recurrent Neural Network"?
Transtformer?
Auto-encoder?
Diffusion Model?

Generative Adversarial Network?



Convolutional Neural Network (CNN)

e Convolutional Neural Network (CNN) — good for image processing

. (
‘:‘;.v @ .)’)
ey

: \>§\ Output
Poolin Poolin Poolin g N7
. . v :\% ¥ A\
b ’
;\E W N 'w“\ Jreesssann.. Horse
Ay 7:-:7:2
S L2 “é? ------------- Zebra
s S ”
W25y, _
;';';' e Dog
yZir b
Jil SoftMax
Convolution Convolution  Convolution g/ ?:fjtr'\‘é?itg:‘"
Kernel Rg]_u Rgl_u R;LU Flatten
Layer ,
l‘ Fully J
~ Feature Maps - Cofgf;ted
o | | | |
] Probabilistic
Feature Extraction Neural Network Distribution

for Discrimination

https://developersbreach.com/convolution-neural-network-deep-learning/

Yeonju Go (BNL/SBU) BNL Physics Department Summer Lecture / 2026 July 27 9



Graph Neural Network (GNN)

e Graph Neural Network (GNN) — good for irregular, relational data processing
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https://www.nature.com/articles/s41467-023-38192-3
https://www.nature.com/articles/s41467-023-38192-3
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Transformer

 Transformer uses attention mechanism, widely used for natural language Outpu

processing (NLP)

arXiv:1706.03762v7 [cs.CL] 2 Aug 2023

Provided proper attribution is provided, Google hereby grants permission to
reproduce the tables and figures in this paper solely for use in journalistic or
scholarly works.

Attention Is All You Need

Ashish Vaswani* Noam Shazeer™ Niki Parmar* Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research
avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones* Aidan N. Gomez* Fukasz Kaiser*
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.
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Figure 1: The Transformer - model architecture.
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AutoEncoder

e Autoencoder: compress input data Encoder
Into a lower-dimensional —p ————p

representation (encoding) and then
N

reconstruct it (decoding)
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Generative Al

® Generates syntactic data e.g. text, image, audio, video, ...

 Generally more advanced and complex Al

= combines representation learning (understanding) with generation (creation)

e Models

= (Generative Adversarial Network (GAN)

)

= \/ariational Autoencoder (VAE)

= Transformer-based models,
e.g. Large Language Model

-

Yeonju Go (BNL/SBU) BNL Physics Department Summer Lecture / 2026 July 27 13



hich one is Al?




y Physics

With a Focus on Nuclear and High-Ener




Quantum Chromodynamics

Matter from Molecule to Quark building blocks of matter

mass | 2.2 MeV/c? ~1.28 GeV/c? ~173.1 GeV/c?
Molecule Atom charge | % 0
| A Electron spin || 72 y 3 y 1

o e— J
N
—— @ . < Nucleus 7p) ~4.18 GeV/c?
Matter | <
Quarks 8 bottom

Up-type U
\
'\
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Gluon 4 A

Designed by PoweredTemplate

e Quantum Chromodynamics (QCD)
describes the strong interaction
between quarks and gluons ‘

i‘carry color charges ‘ ‘
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Relativistic Heavy lon Collider (RHIC)

‘///7;;%;k9bean7
NG article beam
sPH ENIX

NSRL
EBIS |

\L

/ Norwalky,—" Bridgepo

S

nkers.) /

\_~/,/.- New Rochelle Tong)

Island—

\ pmmm———

_/‘
-

3 "
A\
: \ \
g ~ J | A\
o o~ ’7(_' - — \ \
| r . \ \ !
rd { \
h/" 7 l\
\ y
7 —
/’ -
5 '
y J
b- //./ ,"
- < J
~ /

wick
Yeonju Go (BNL/SBU) BNL Physics Department Summer Lecture / 2026 July 27




Large Hadron Collider (LHC)

ICERN Meyr

Switzer
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LHC, RHIC and EIC

e Large Hadron Collider (LHC)

= proton-+proton (p+p), lead+lead (Pb+Pb) collisions, etc

e Relativistic Heavy lon Collider (RHIC)
= proton-+proton (p+p), gold+gold (Au+Au) collisions, etc
= ended on Feb. 2026

e Electron-lon Collider (EIC)

= ¢lectron+proton (e+p), electron+gold (e+Au)
collisions, etc

= scheduled to begin data taking by ~2033
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Nuclear and High-Energy Experiment Workflow

Detector deSign ................... Experiment Operation .................... Data analysis .................... Physics discovery
. Experimental . Hardware and : Recon- : 'A;éb’,é’éé s ;q' i
' llisi . Raw = software structed -
. collisions © 4o ;
; : : tri lgger - Filtered events .
ALY .\-, ; /'" : : OO ooty e sty
- € ‘Q :; ..... Phys,cs .
: O(PB/ 5) Reconstructlon
: ~ Analysis- b
O GB/s - —
................................................ ( ) 5 O(WQQKS) formatted O(days) : ; ”{_ ;
................ . : oo J N E
Generated : Interact/on wzth: ,,,,,,,,,,,,,,,,,,,,,, N - e - .
events St:\blle . simulated =i : Statistical - AN . Do -
oo B pa icles:  detector Y A : . . O e
M e : . - S AR SRS : analysis (8] (3011 | (o) p Y. '
— ———— ' Front.Big Data 4 (2021) 661501

e Each stage of analysis requires substantial human effort, computing resources, and time

— Leverage AI/ML to accelerate, automate, and improve these processes
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Nuclear and High-Energy Experiment Workflow

Detector deSign ................... Experiment Operation .................... Data analysis .................... Physics discovery
. Experimental - Hardware and Recon- Reprocessing
collisions rnl: software - structed -
o ) trigger  : Filtered BVBMIS, <
' S ¢ - - APPSR
‘Reconstruction: v ‘... . ¥ Flystos
: : r P results
. O(GBY/s) - . 3 | . PP
( ): = O(weeks) formatted O(days) ;| 1= =
: : : ' : data v i ¥
Generated A S T S R L ~
. events :Sble . simulated : | . Statistical ' N & FLiss
L L. cparticlest  defector ) UL : s O e
f (5 g —> A e : Sy 28] (70 1] =) .
""""" | e eeiiiiiiiiiire.... Front.Big Data 4 (2021) 661501

Yeonju Go (BNL/SBU) BNL Physics Department Summer Lecture / 2026 July 27 21



Simulations of Relativistic Heavy lon Collisions

e O(1000) particles in single nuclear collision event + thousands shower steps per particle

= Simulation of the interaction of particles with detectors is high complexity and
computationally intensive work

CMS Experiment at the LHC, CERN
' Data recorded: 2023-Sep=26 17:59:51.672000 GMT
/—‘.

Run / Event/LS: 374288 / 9272477 | 82

CMS Pb+PDb collision
experimental data
event display
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Whole-Event and Full-Calorimeter Simulation

e Generate high fidelity “particle production + full detector
simulation” data in central heavy ion collisions using
Denosing Diffusion Probabilistic Model (DDPM) erc 110 (2024) 034912

O
~

e BT Centrality 0-10%

<o> [GeV]
o
&

.O .
o
IIIIII

0.555—
Training sample Generated (DDPM) 3
HIJ N\ L= o b= 1 T4) ______________________________ 0-5: ]
(1 +GEAN1 L ., 3 o HUINGSGa
> 5: 1 1. = 5: 045_ "
& 4_2 . &, 4_2 y —GAN
? 3 %’u 3 0.4
. 518
" ° -0 & 1.04f
Z 1.0215
0-10% central event display :__:’ 888
40 minutes per event 1.34 seconds per event 2 0.94
on CPU on GPU = 0 S —— 666306 1400
* DDPM provide a speedup of 1800 times! (on GPU) SEO"" (Total) [GeV]

= at least 100 times faster, considering a 32-core CPU equivalent to a GPU
e Great stability and accuracy of DDPM within sub-percent level
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Hydrodynamic Evolution Simulation

o Full spatiotemporal hydrodynamic medium (Quark Gluon Plasma) evolution simulations are
computationally very demanding

QGP 3+1D Energy Density Evolution

e Fourier Neural Operator (FNO)-based model developed: TC-QGP to predict the full time
evolution of 3D QGP fields from the initial time 3D fields.

e O(100,000) speedup with a few percent accuracy

. 2+1D 3+1D
Simulation time per event with 1 CPU ~10 minutes ~20 hours
TC-QGP 0.03 seconds 0.2 seconds
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Nuclear and High-Energy Experiment Workflow

Detector deSign ................... Experiment Operation .................... Data analysis .................... Physics discovery
éExpe(imental - Hardware and : Recon- Reprocessing
collisions fda software - structed -
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High Energy Collision Data Taking

. A3D3 Institut arXiv:2203.16255
Collision rates 50kHz - 3MHz - S ——
M 1g19|- FPGA/ASIC 1 PByr _
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https://arxiv.org/abs/2203.16255

High Energy Collision Data Taking

Collision rates 50kHz - 3MHz

Raw data: O(TB/s) (future detectors O(PB/s)) MLP or GNN tracking on FPGA
JINST 19 (2024) C020686,

Front.Big Data 5 (2022) 828666
Tri g g e ”- n g arXiv:2112.02048
Is it interesting event? — If yes, save!

(Real-time filtering)

Streaming readout <« next generation
Let's save everything by compressing data!

Yeonju Go (BNL/SBU) BNL Physics Department Summer Lecture / 2026 July 27 30



ing Angle: 2 mrad

) ).C

45 kV CM

)

4.45 kV GEM

2023-06-23, Run 10931 - EBDCO03 reference frame 89

Au+Au sqrt(s_{NN})=200 GeV

L
.

hamber
2, HV

-----— _ .----d

_— i —— ——

.. g - t

- ” i i mAwRite e . : &

: o e -1% i b phl Y
PP { L] MFSL. 1 _ " TR R & asPt | i

" 1 1 ) SR o ulb] - ...1:
14 A . { » { - N l— - . u

. ) rl iRi t 4!
| e | A 1 & ity g L, ki
i i | LALSA s B A iy
] L M ' ! _.y.~‘ - A 2 : ] | I
? % - el
d =) PR -~ e 1
. ! Y F
£ : it _
\ \ ~
b o) B
: . | eyl 112w
_ . o
s 4
7 _ e

tion C

RENRN

Projec
100 Hz ZDC, MBD Prescale

me

SPHENIX T

| N

X

SPHE



SPHENIX TPC Event Display for Heavy lon Collisions

A. full TPC outer layer group B. a TPC wedge —————1— |
, "  -,~'.'_’ I.,'.'-.", s - ‘ '

b NI C. zoom-1n of a trajectory
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Data Compression using AutoEncoder

e Data Compression

= Record compact encoded data during data taking, store them permanently,
and decode them offline for reconstruction

Encoder Decoder

\

N AN
\s‘:'f’:: N\
NIRRT %

/A

Encoded data
4 (permanent A

storage)
Input data Output data

N
>
a
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Data Compression using AutoEncoder

e BCAE (Bicephalous Convolutional Autoencoder) model

2 600 - -
S ASZ
7.5 kS o ZFP A
75 0 400 - mBCAE A -
1% > O @ —~ L ——8BRBCAE
6.5 § =
S 200 - S
6 O =
O =
O A 2
8 % 0 A higher better
4 10 20 30
0 & compression ratio
o
-4 BCAE outperforms other off-the-shelf
Patterns, 2026, 101452 D . .
orXiy-2411.11942 8 lossy compression algorithms
)
C

BCAE-VS: Great performance for sparse data (great prospects towards EIC!)

Yeonju Go (BNL/SBU) BNL Physics Department Summer Lecture / 2026 July 27 34



Nuclear and High-Energy Experiment Workflow

Detector deSign ................... Experiment Operation .................... Data analysis .................... Physics discovery
PR . Hardware - R RERRES
' llisi . Raw = software structed - Repocessing
- collisions . 4 : :
; : : trlgger - Filtered events .
Vi~ ' /--- T B - Y ——
f \ :" AR ARARRARMES” RN 4000 Ph S,CS
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B - S
icmsineiseiiair I O(G /s) O(weeks) e | O(days) =
Generated f Interact/on wrth: % P - .
events S:-tablle : Simulated | : Statistical : ....,...,.,::.,
L5 B pa icles:  detector Tl e . : gy i Shesessgo
ORI T S VETES IRFTTAT SN : analysis NOUNS) Zaaain s s o s st

- Front.Big Data 4 (2021) 661501
Analysis
e Each stage of analysis requires substantial human effort, computing resources, and time

— Leverage AI/ML to accelerate, automate, and improve these processes
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Classification: Signal vs. Background

* Boosted Decision Trees (BDT): Multivariate o a{’XI"”?(’T”' 03892
method for signal-background classification = 0-25:‘ SPHENIX —+ Data E
Signal Background 9 . p+p \s=200 GeV — Signal MC ]

T 0ol In”l < 0.7 — Inclusive MC

_&’ ' - 14< E’{ <18 GeV  — Background MC -

) g - W/ NCB cut & pre-selection ]

, g 0-151 Background Signal 1

" J-ﬁf;ﬂ O 1_ |4

0 / 2 photons merged "E _

1IN into one EMCal cluster i -

Input: Shower Shape Variables 0.05: --E

L :

BDT % N — o e S— —— R .
.": .‘{‘?‘, .“?*. © 02 04 06 08 1

Output: Signal or Background? Photon Identification BDT score
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https://arxiv.org/abs/2607.03892

Classification: Heavy Flavor Jet Tagging

e Significant evolution on Jet Flavor EurPhst ST 233 (2024) 15-16, 2657-2686
- . . > : ' ' I ' | ' ' I ' ' ' | ' ' ' I ' ' ' I
O |
tagging using various ML models 2 LHC run periods ant Ll
&LE) 0 Run-1 0 Run-2 Run-3 GN1
() | o
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Background in Jet Events in Heavy lon Collisions

SPHENIX

e Signals (e.g. jet) lie on the =

Run/Event: 21615 / 1362 -
significant underlying events Collisions: Au + Au @ /Sy = 200 GeV S

(background) Peripheral Collision E
In heavy ion collisions LU

o ‘/.“ - ‘- o '.' (
s

p+p collisions Au+Au collisions
Little background Large background
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Cycle-Consistent Generative Adversarial Network

* Unsupervised learning, unpaired image-to-image translation
Domain A <«—> Domain B

arXiv:1703.10893
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UVCGAN

e UVCGAN (U-net Vision transformer Cycle-consistent Generative Adversarial Network)
= unpaired image-to-image (l2l) translation; bridging gap between simulation and data reference

Removing Glasses
NIERNATIUNAL

UVCGANV2

arXiv:2303.16280
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Generative Al for Jet Background Subtraction

e Jet background subtraction as an “image” using cycle-consistent GAN

e Unsupervised generative Al Ungupervise_d learning, unpaired
. . . . . Image-to-image translation
= preserves the higher dimensional information

= can use experimental data (without label) for training
- mitigate model-dependence

16 T N T | 16 — — T — |
F>_| 14 o B _- 11 14 e EE— | - 1 _’- ———
O 12 o — 1 2| T ’ projection 12 - o 1 .__f’q_ —T f
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arXiv:2510.23717
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Generative Al for Jet Background Subtraction

e UVCGAN-S

= unsupervised, unpaired learning allows training directly on data arXiv.2610.23717

= compared to ICS or Area methods, Z|N 5T T
up to ~2x better resolution, OO

— T 1 o 1
Au+Au \'s,,=200 GeV -

—|Z Anti-k; jet R=0.4 -

fake rate 80% — 7%, 4 20 <p. <30 GeV —
efficiency 74% — 92% Cinl<06 -
= Robustness to Out-of-Distribution data 3 Real (PYTHIA)

= UVCGAN-S (PYTHIA)
Real (JEWEL)
\ — UVCGAN-S (JEWEL)

Trained on PYTHIA and tested on JEWEL |
— successfully reproduce JEWEL's

aistributions including substructures ol 1 1 ey
0 0.2 0.4 0.6 0.8 1
__ ,leading constituent, _jet

Z eading ( = Py /pT )

IIII|IIII|IIII|IIII|IIII|

Illlllllllllllll
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Nuclear and High-Energy Experiment Workflow

Detector design ................... Experiment Operation .................... Data analysis .................... Physics discovery
Data taking . :----ccooooveeennee,
Recon- - : :
et & Reprocessing :

:Reconstruction : ‘ IR, N :
' Analysis-

g éO(weeks) formatted
| . data

Physics

A Fi%? Date 4 (20210661501

Fundtion Model !
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Foundation Model

e Foundation models

= |earn broad features and patterns from massive datasets (pre-train)
= adapted to many downstream tasks with minimal extra training Tasks
=¢c.g. Large Language Models (LLM), ChatGPT...

Question 9

Answering ‘
Sentiment
’ Analysis

e ’ ?)
Textl ‘ ! ’

Data

| %’ Information
- J/ Images Extraction
o Adaptation
Speech W} Training Forllnddation | = Image ~—
ode 4 Captioning |
@ cowione )
~ Structured
* . Data
4 ., Object
3D Signals = 4‘;:, I Recognition
Instruction

0
.&?ﬁ, Following ..
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Neural Scaling Laws

e | arge language model studies established that performance improves predictably
with model size, dataset size, and compute, often following power law scaling

OpenAl codebase next word prediction

Bits per word

6.0
5.6 —— L =(N/8.8-10%3)70-076 .
e Observed
4.8 - G PT Prediction
” 'E 5.0 o gpt4
N .
o 40 Cg)
_I O
D 3.2 o *
O o
— ) ¢
24 = a0 .
O
O
105 107 109 20 * e,
Parameters
non-embedding 10 —— | | | | )
100p 10n 1y 100 0.01 1
Compute
FLOPS: FLoating-point Operations Per Second
“Scaling Laws for Neural Language Models”
arXiv:2001.08361 Achiam, Josh, et al. "Gpt-4 technical report.” arXiv:2303.08774 (2023)
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Foundation Model for Nuclear and Particle Physics

Various Downstream Tasks

Large amount of unlabeled data available C g
in high energy nuclear and particle physics track finding

9. SPHENIX P e
e.g. SPHENIX data 300 Petabytes particle identification

noise removal
minimal
Pre-training -\ 14 training

——) NPP —)

global reconstruction

jet tagging

event classification

anomaly detection

Al-driven discovery

e FM4NPP: a self-supervised foundation model with inputs on unlabeled sparse detector-level data

e lightweight Adapter for multiple downstream tasks
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FM4NPP Training

e |nitial study by training with simulated Time Projection Chamber spacepoints (clusters)
in 10 million p+p collision events

<+—]Jast [
o - | ¥ . S o
s * /:;:
self e
‘S I £ e ——
lji T <7\l 4
gy B
Sy Y e e —
< =={ A ~ | "'?“%
ISk = X
(a) TPC Data (Spacepoints) )N . ¢ _ . tokenization
. . . . . . X K X K XK XK Xk X k Xk X Kk
transformation, normalization, serialization Q Q Q Q Q Q Q Q‘Z
T
L M )]
e Self-supervised Next k-nearest-neighbor prediction [ I ( ?""') j
. Positional Encoding (NeRF
with Mamba model g :
E
n
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FMANPP: Downstream Tasks

e The FM backbone is frozen, and only
lightweight decoder heads are
trained

= Track Finding: group spacepoints
from the same particle trajectory

= Particle Identification: classify
spacepoints based on their particle

species . kaon » signal
- proton =
= Noise Tagging: classify elecmsm \

spacepoints from low momentum o S \-—fb
secondary particles (“noise”) *’

Note: a broader range of downstream tasks (C) Particle Identification
will become available as additional detectors
are incorporated into the foundation model
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FM4NPP: Neural Scaling Behavior

x 1073 m1 m2 m3 m4 m5 mb6
m1  Track Finding ~ ,  +— |
7.5 -==- L =(M/1.29 -1031)~0:06 EE 0.900 -‘
Py 0.850:
=09 gogoo BID SRR L P
) ; e
%J £ B S 0.800 D esiiE
& 0970 Noise-Tagging . _.— e =
1M 10M 100M 10° 107 108
Foundation Model Parameters
Model Parameters (M) D. Park. S. Li et al, arXiv:2508.14087
» Established self-supervised loss scaling e Demonstrated scaling behavior for

behavior of FMANPP versus model
parameters, data size, and compute

= Consistent with scaling observed in LLMs

downstream tasks scaled with
foundation model size and data size
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FMANPP: Downstream Task Performance

Track Finding

model #trnbl para.  ARIT  efficiency|  purity]
EggNet 0.16M 0.7256 74.19% 75.14%
Exa.TrkX 3.86M  0.8765 91.79% 66.42%
(w/o FM) ---------- AdapterOnly 2.39M  0.7243 78.01% 64.54%
(W/ FM) eeeeeeeees FM4NPP (m6) 2.39M 0.9448 96.08% 93.08%
Particle Identification Noise Tagging
model #trnbl para. acc.t recall pre.T acc.t recall? pre.T
SAGEConv 0.91IM 0.7262 0.4563 0.6502 0.9174  0.7227 0.8165
OneFormer3D 44.95M  0.7701  0.4897 0.5767 0.9646 0.9404 0.8948
(W/O FM) -o-eeevns AdapterOnly 0.74M 0.6631 0.3387 0.6111 0.9111 0.6215 0.8359
(W/ FM) -eeeeeene FM4ANPP (m6) 0.74M 0.9039 0.7652 0.8782 0.9713 0.9367 0.9190

* FM4NPP shows clear performance gains compared to an "AdapterOnly” baseline

e Superior performance of tracking with FM4NPP compared to other state-of-art ML models
D. Park. S. Li et al. arXiv:2508.14087
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FMANPP: Future Directions

e Current stage

= initial stage (FM4NPP-1) utilized single

10T

detector (sPHENIX TPC simulation) with

180M parameters

= Similar scaling behavior, which was first

observed in ChatGPT-2
e Next stages

= Demonstrate on real and more complex
data (e.g. heavy ion collisions), 1B

parameters (FM4NPP-1+)
= Multi-detectors (FM4NPP-2)

= Demonstrate generalizability to
multi-facility (FM4NPP-3)

= | everage existing LLM reasoning,
connect FM4NPP to theory and existing

knowledge base
(FM4NPP-R1,2)

= Self-evolving Al (FM4NPP-4 with an

integrated reasoning model)

Model Parameters (B)

Training Tokens (T)
()
(&)
o
o

100T -

Roadmap Whitepaper [ssrn.5467666]
LLM Evolution and FMANPP Roadmap (2018-2031)

[
—

100B -

10B -

-
oy
1

100M H+

10B -

(-
—

10T -

SP>stage I Stage 2 Stage 3 —_
pr%?@o% ‘ ~
. - /:, E——
"~ _ FMANPP-4
Leveraging” |  Jelf-evolving
existing/LLMs \'
—————— —
FM4NPP-2
§ Multi-Detector
FM4NPP-1 family -
§ Single detector GPT Reasoning
FM4NPP roadmap
FM4NPP Reasoning
O
58 *
Detector Data, Scientific Knowledge,
Meta Data, Computational Tools
*
*
O
50T *
2018 2020 2022 2024 2026 2028 2030 2032

Year
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Conclusion / Take-home Message

Al and ML are opening new directions and driving innovation across many areas of
physics

e Al can enhance the entire scientific workflow, from detector operation and data
processing to simulation, analysis, and scientific discovery

* Foundation models offer a promising path toward broadly reusable tools for nuclear and
particle physics, potentially enabling an impact analogous to that of large language models

e Realizing this potential requires physics-informed models, reliable uncertainty
quantification, rigorous validation, and close collaboration between physicists and Al
experts
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Agentic Al

e Al has the potential to increase scientific productivity across the full workflow

e This includes coding, analysis design, analysis execution, validation, and scientific writing

Agentic Al — Physicist Collaboration in Experimental
Particle Physics: A Proof-of-Concept Measurement
with LEP Open Data

Resummation of the C-Parameter Sudakov Shoulder

USing Effective Field Theory Automating High Energy Physics Data Analysis with LLM-Powered Agents

Matthew D. Schwartz!? Eli Gendreau-Distler,’>2'* Joshua Ho,"?2'T Dongwon Kim,»? * Luc

- - - - - 1 1727§ 1 1727q|’ ] 1727**
! Department of Physics, Harvard University, Cambridge, MA 02138, USA Anthony Badea,"’ Yi Chen,b Marcello Maggl,c Yen-lJie Lee,d Electron-Positron Alliance ) Tomas Le Pot.tler, _ Halchen Wang., and Chengxi Yang
2 Institute for Artificial Intelligence and Fundamental Interactions (IAIFI) 2Dep artment Of Physics, University of Calz.f ornia, Berkeley, Berkeley, CA 94720, USA
a Um’versz'ty Of Chicago, Enrico Fermi Institute, 60637 IL, USA Physics Division, Lawrence Berkeley National Laboratory, Berkeley, CA 94720, USA
schwartz@g.harvard. edu b . . 3 . We present a proof-of-principle study demonstrating the use of large language model (LLM)
Vanderbilt Umverszty, Nashmlle, Tennessee’ USA agents to automate a representative high energy physics (HEP) analysis. Using the Higgs boson
AT RESEARCH ASSISTANT: Claude Opus 4.5 (Anthropic) ¢Istituto Nazionale di Fisica Nucleare, Bari Division, B A 701 26, Italy diphoton cross—se?tion measurement as a case study with ATPAS Open Data, we design a hybrid
d ) ' ) system that combines an LLM-based supervisor—coder agent with the Snakemake workflow manager.
January 7, 2026 Labomtory fO'r Nuclear SCZ@TZCC, Massachusetts Institute Of Technology, Cambrzdge, MA 021 39, In this architecture, the workflow manager enforces reproducibility and determinism, while the
US A agent autonomously generates, executes, and iteratively corrects analysis code in response to user

instructions. We define quantitative evaluation metrics — success rate, error distribution, costs per
specific task, and average number of API call for the task — to assess agent performance across
Abstract E-maal: anthony .badea@cern.ch multi-stage workflows. To characterize variability across architectures, we benchmark a representative
selection of state-of-the-art LLMs, spanning the Gemini and GPT-5 series, the Claude family, and
leading open-weight models. While the workflow manager ensures deterministic execution of all
analysis steps, the final outputs still show stochastic variation. Although we set the temperature to

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

exlclt?ed it HThti-S bctn}llndary geger?,tes I?Igte lf)g{?ith?}f that r.nustl b.e resumn: d. (}Jsir;tg fSOft_ ABSTRACT: We present an Al agentic measurement of the thrust distribution in 6+€_ zero, other sampling parameters (e.g., top-p, top-k) remained at their defaults, and some reasoning-
collinear effective theory, we derive a factorization theorem involving new jet and soft func- . . o " ’
ions spocifc o the C paramcter measment, n whic ot o contbuts uadra collisions at v/5 = 91.2 GeV using archived ALEPH data. The analysis and all note writ- inted models ntermlly it those sitingy Consaunly, the model do ot prodee uly
1cally In transverse momentum. .Thls guadratlc structure ezfplams th.e step discontinuity at 1 1 ied t tirelv bv Al t O AT Cod d Anth ic Claud n d framework in HEP, enabling systematic benchmarking of model capabilities, stability, and limitations
leading order. We compute all ingredients at one loop, validate against Monte Carlo, and Ing 1s carried out entire agents pen odex an nthropic aude) undaer O e e et e e e O e aDADLILICS, StaDIILY, anc 1mitatiol
t matched NLL+NLO lts. Unlike thrust ’ qh ot the C ’ + — 2 - . " e — — - in real-world scientific computing environments. The baseline code used in this work is available at
D ek L dat oole. o e L o ALL expert phzsmlst direction. A fully corrected spectrum is obtained via Iterative Bayesian Tittps://huggnglace.co/H Wresearch/LLMAHEP. This work was accepted as a poster at the Machine
as no sudakov-Landau pole, making momentum-space resummation straightiorward. 220 - S . . Learning and the Physical Sciences (ML4PS) workshop of the 39th Conference on Neural Information
calculations, numerical analysis, and manuscript preparation were performed by Claude, an Unfolding and Monte Carlo based corrections. This work represents a step toward a theory-— Processing Systems (NeurIPS 2025). The initial submission was made on August 30, 2025.

Al assistant developed by Anthropic, working under physicist supervision.
e — —

experiment loop in which Al agents assist with experimental measurements and theoretical

calculations, and synthesize insights by comparing the results, thereby accelerating the cy-

)
M. Schwartz arXiv:2601.02484 cle that drives discovery in fundamental physics. Our work suggests that precision physics, . Gendreau-Distler et al, arXiv:2512.07785

leveraging the open LEP data and advanced theoretical landscape, provides an ideal testing

ground for developing advanced Al systems for scientific applications.

A Badea Y. Chen et al, arXiv.2603,05735
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Agentic Al

e Al has the potential to increase scientific productivity across the full workflow

 This includes coding, analysis design, analysis execution, validation, and scientific writing
Current World Al-Assisted Worflow

_ ( ~N
% Conceive an
- legacy analysis O

Code

e Key consideration:

= How do we identify and control biases
from Al models?

= How do we reliably maintain scientific
quality?

1 Year

= How do we review and assess a Reviews T
. . . Sub-groups Context
rapidly growing volume of Al-assisted Conveners
WO rk? Results ||/L.\ Srec;/cl:z\s/.\; Srec;/clzz\:;
-

(G (S [N [ [N (Y e
SINOH 0L

\

E. Moreno, S. Thonney arXiv:2603.20179 Publication
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Generative Adversarial Network (GAN)

Discriminator

Real? or Fake?

Generated
‘fake’ Image

e Two neural networks (Generator and Discriminator) compete against each other
= feedback to each other to improve

= the process is repeated until Discriminator can no longer distinguish fake generated by Generator
from real
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Denoising Diffusion Probabilistic Model (DDPM)

e Forward process: gradually adds Gaussian noise to the data

e Reverse process: a neural network learns to reverse this process; start from pure noise,
gradually remove noise using the learned denoising model; generate data_similar to the

original images
e In real application, O(1,000) steps are used for high quality

forward step

reverse step
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Whole-Event and Full-Calorimeter Simulation using DDPM

| L]

e Can DDPM describe more complex
features of heavy ion collisions?

real/mix

| Cluster E;>1 GeV,Cluster prob>0.1

Leading Cluster E>2GeV, asym<0.5
p,. > 4 GeV

1Y

= Resonance, collective motion (flow)
can be reproduced by DDPM (!)

LX) »

$
W00 0t b SN S 4

Ld

7" peak reconstructed using o

simulation samples generated by DDP V1 0 02 04 06 08 1 12 14
M,, [GeV]
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UVCGAN-S: Unpaired Unsupervised Training

e As a proof-of-principle, UVCGAN-S model was trained on images of EMCal +HCAL combined
calorimeter energies in (17, ¢) with three samples

= PYTHIA: Inclusive Jet p_= 30 GeV
= HIJING: 0-10% Centrality HIJING
— . sum of calorimeter energies of PYTHIA and HIJING

arXiv:2510.23717

Domain B: Domain A:
| ‘l* <AL

background+-signal background and signa
combined data l - - data, separately w %’
= ‘b
l ‘| Il ‘ ' UVCGAN-S qw @
| w

Neural
. Il-'l | |
\h L '[ s

| | i 1' | translators
1] ah D¢+
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Symbolic Regression

e Symbolic Regression finds analytic expressions o
e Use DGLAP evolution as a controlled benchmark R ()
e Use physics-informed loss functions with Mellin-space evolution @ e @ @
e produces interpretable analytic formulas, not black-box predictions e @ @
 Select Fittest e 22 - (& * cos(Y)
1.15y + 0.86 VIRPTHT [ i } ( (11 ) ) +(7 )

or

(toptwo) Crossover
or

1.158 + 0.86} or [1.15 5 ().86“”] OFf

L 15y 0.86}

Simplification

Randomly 2l 808, .+ i
: e }
Subsample Optimize \
Constants
IZL‘
1.15y + 0.86
21y Replace
Oldest
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FM4NPP Training

e |nitial study by training with simulated Time Projection Chamber spacepoints (clusters)
in 10 million p+p collision events

e Hierarchical Raster Scan (HRS) serializes spacepoints to 1D sequence

e Mamba model: recent State Space Model (SSM) that improves computational efficiency while
maintaining long-range sequence modeling capabillities

e Self-supervised Next k-nearest-neighbor prediction: instead of ordinary autoregression or “next
token™ prediction

: 8 ¢ Y@} ‘/“, — |
3}:(&,' ' | - |
‘?}r» i | IE | H
1 B NGE I o — | Mamba blocks F j . L
U T | SEEE YA S S S S S
L3l i SR — | t———" | | | I I
£ %%‘ [ Positional Encodmg (NeRF) J
: N _' /7L/\/> | ; /i\ (i\ E
P | start n
(a) TPC Data (Spacepoints) N— ¢ \ | - %
transformation, normalization, serialization tokenization
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