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: Artificial Intelligence (Al)
. How to enable machines to exhibit aspects of “intelligence”

. knowledge, learning, planning, reasoning, perception
voo Machine Learning (ML)
% *  Use learned representations to complete tasks without being
L2/ explicitly programmed

*  Tasks: Regression, Classification, Dimensionality
Reduction, etc.

Neural Networks (NNs)

*  Class of ML structures that use many connected processing
units to learn input/output maps (used to be called
“connectionism”)

Deep Learning (DL)
*  Learning hierarchical representations

*  Right now, largely synonymous with deep (many-layered)
NNs

-

Deep Learning

e.g. Evolutionary Algorithms,
SwarmIntelligence

e.g. Simplex, Gradient Descent

~ Mathematical Optimization
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...many techniques in optimization, machine learning, classical control, etc for these etc.




Al Booms and Busts

1950s — 1960s: first neural nets, reasoning
/ search

® Mid 1980s — early 1990s:“connectionism”
neural networks, expert systems

® 1997: Deep Blue beats Gary Kasparov

® 2006: Deep learning breakthroughs at
University of Toronto

e 201 1:1BM Watson wins Jeopardy
® 2015: Deep learning on GPUs

® 2016: Alpha-Go deep learning software

Fear of Singularity

Watson
Chess Championship

rd
34 Al boom Deep Learning

2nd AT Winter

|

15t AT Winter Machine Learning

274 AT boom
15t AT boom “Expert system”

“Search and Reasoning”

beats best players

® 2022:Tokomak control with
reinforcement learning
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(Source of picture : 978-4040800202, p.61, Fig. 3)
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What changed in the 2010s...

Increased computational capability enables more
complicated NN architectures and faster training +
larger data sets

GPUs of HPC

clusters

Can easily share large data
sets, code, and computing
setups

(e.g. via cloud computing
services)

specialized hardware:
neuromorphic chips, TPUs

Accessibility

Neural network
architectures and training
paradigms,

such as long short term
memory (LSTM) networks,

generative adversarial network

(GANE)

SGD
Momentum
NAG

Adagrad
Adadelta
Rmsprop

Applications have driven a lot of
advancement (both algorithmic and
practical/heuristic)

Better theoretical
understanding of
NNs and improved
optimization
methods




1990

early

exploration

1995

2000

2005

2010

tentative
re-exploration

!

2015

—

grassroots
momentum

2020

2025

serious
attention

Resonant Frequency Shift [kHz]

NN surrogates, virtual diagnostics, and sim2real

3

o

)

&

easured
—predicted

Time Elapsed [hours]

5

LCW supply

cooling.
skid

warm return

ool supply

coupling through Cu

Ground Truth

Bin Number

i uer

—— Gun Phase (deg.)
—— Solenoid Current (A)
—— CC1 Phase (deg.)

6

= — CC2 Phase (deg.) §E
3 — Bunch Chorge (60 9. 8
Solenoid Current = Eie
— Transverse Sigma Matrix | 5 300 o5
leural = TR -
Phases (Gin, CC1, £C2) Network Average Beam Energy | g3
Initial Bunch Properties Transmission 2 250 £s
(charge, length, £, , x-y corr.) g
&y 9y B, 1)
8
8 200
c
g 2
Average Energy (E) = Bc
— > 150 SE0
Emitlances (e, € > E3R
| Hyprid E————— 2 I =
Neural ——>{ Beta Function Values (B, B,) B cg ER
Network ki °8 5
[ Alpha Function Values @, , @ & 100 352
Number of Particles (N, 100 200 300 400 500 600 22
Sample Number 5%
a

Pre——

enxtmmnag)

Norser

Neural Network

section for virtual diagnostic

beam mask screen

Gun Solenoid Scan
A

LB

20132017 )

—>

o high energy e
and l0TA

fit to obtain ()
subsetofphase (1)
space parameters  (/"*)

Gun Phase Scan
A

PR—

+ Measurements

— Weasurements
— W Precicton

1 — weasurements
— N Prediction

PR—

+ NN Predicton

T 20 0 750 1000 1350 1300 1730 2000 0

o 50

750 100 1230 1300 1750 2000

J

A. Edelen

dissertation and IPACI 8



https://www.leelinska.com/wp-content/uploads/2021/06/Auralee_Edelen_Dissertation.pdf
https://proceedings.jacow.org/ipac2018/talks/thygbe2_talk.pdf
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NN control policies / reinforcement learning o

LCW supply

Model predictive control
+ time-dependent NN model
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USPAS: Optimization and Machine Learning for
Particle Accelerators
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Physics-informed Bayesian optimization @ LCLS 2016-2020
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(b) Isotropic kernel ] ML based virtual diagnostic

[ Non-destructive measurements of e-beam and linac }
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ML virtual diagnostic @ LCLS/FACET-11 2018



https://doi.org/10.1103/PhysRevLett.124.124801
https://doi.org/10.1103/PhysRevAccelBeams.21.112802
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Uncorrected

4 20182022 )
Insertion device compensation @ALS 2018
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Publication Trend Over Time

| Published Papers [[] Preprints

ﬂ/\/

2017 2018 2019 2020 2021 2022 2023 2024 2025

A. Ghribi https://aghribi.github.io/acc-ml-living-review/
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Publication Trend Over Time

| Published Papers [[] Preprints

Paper to production
can be very hard

ﬂ/\/

2017 2018 2019 2020 2021 2022 2023 2024 2025

A. Ghribi https://aghribi.github.io/acc-ml-living-review/
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Biggest blockers not AI/ML maturity but rather infrastructure and continuity of effort...

h

( Valley of Death
Exol Transition
xplorator .
P Y To Operations
Research

siloed funding streams and projects

IDEA RESEARCH FUZZY FRONT END PRODUCT DEVELOPMENT COMMERCIALIZATION )

LEVEL OF DEVELOPMENT
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local facility infrastructure

Model Prediction Displays

Model Output Predictions (e.g. beam images, scalars)

undulator

14 GeV

L3-linac

EPICS
Control

BC243Gev

Measured Input Data Data
(accelerator settings,
input diagnostics)

Online Modeling

High-fidelity Physics

processing Simulations

Adaptive ML Models

System

Online Control GUI

Measured Output Data Data
(scalars, images processing
describing the beam)

Changes in Accelerator Settings

Online Optimization
and Characterization Tools

Active Learning +
Efficient Exploration

Model and ML-Based
Optimization

modular/transferrable tools

HPC cluster
(e.g. SDF at SLAC,
NERSC at LBNL) o
NATIONAL
Argonne O AL o
NATIONAL LABORATORY Accel. Control R&D S | Y

Cluster Compute
(CPU,GPU)

Archives
(Measurements, =]
Predictions, and

Models)

l

$= Fermilab
k? Brookhaven

National Laboratory

LABORATORY
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continuous integration / deployment and live model updating and retraining

-
T A
PyTorch &~ flow ; NERSC Perimutter
Surrogate =~ ——— ] - @ docker:
Model Model Registry : Runs our software anywhere
Templating, deployment i
* ) specs, container builds and Database of - Retrain model
o) Interactive VA container registry experiments =
LUME-Torch and simulations ==
Templates Argotools torun workfows \J Send data at the
i d do GitOj . .
& docker ';'\V,e anddoGitops = end of simulations
R, y GUI service A i -
Live Digital Twin . Kubernetes H ‘P9f|muﬂ3r" Automatically
§g Live EPICS Keeps our b launch new simulation
PVs software/containers running HTTPS connect 4
ifiow BELLA Control room conneeten BELLA app server
o :
Model versioning, artifact —_— - Database (windows)
storing, tracking training connection
metrics R
@ FastAP! Detects new shots and
REST AP industry standard s extracts relevant data
forservingMLmodels | (N |
User can trigger retraining oy
------- - o
K2eg: Integration between
EPICS and data processing R Lehe
pipelines using Apache Kafka GuI

J

github.com/slaclab/inference-service, github.com/slaclab/lume-model-deployment-template



https://github.com/slaclab/inference-service
https://github.com/slaclab/inference-service
https://github.com/slaclab/inference-service
https://github.com/slaclab/lume-model-deployment-template
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Now a fair number of routine operational
deployments worldwide
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DOI: 10.1103/PhysRevAccelBeams.27.074602

J.Park

Control room GUI deployed
for real-time prediction (2026)

== E

Virtual
XTCAV
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C. Emma, J. Park

J

é@t BO and advanced variants

DOI: https://doi.org/10.1 103/PhysRevAccelBeams.27.08480 1



Many examples with Bayesian Optimization and algorithmic improvements

Sextupole tuning at FACET-II

50x faster tuning and best observed

FEL pulse energy at LCLS lifetime at ESRF

Loss rate at SPEAR3
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Multi-objective BO — experimental Pareto front

A *’. J"‘ Automated data processing b
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F. Ji, et al, Nat. Commun. 15, 4726 (2024)

Hysteresis-aware magnet tuning

Applied magnetic field

8

Mo = {Ho, Hy, ..., Hi}
Hvstores BO on sys. with  Hybrid BO on
ysteresis model 101 4 .
Y hysteresis sys. with
N .
Magnetization B h)’Ste resis
@ = M(H,) 10° 4 .
Gaussian process
model 10-14
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Roussel et. al. PRL, 2022
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Moving toward multi-component solutions ... .
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® Data
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T. Boltz https://www.nature.com/articles/s41598-025-95297-z
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(Movmg from individual / isolated tasks toward autonomous chains of them ...

To LCLS-Il
—

(4) Tomographic quad scans

TCAV ON/OFF, 2x screens
(3) TCAV phasing (2) Beam focusing Tomographic measurements Injector tuning Control room
(multiple locations) from D|AGO (future) visualization (future)
(1) Beam steering
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R. Roussel et al., https://arxiv.orglabs/2604.20125



Agentic Al emerges ...

Information Sources
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Agentic Al emerges ... Osprey demo @LCLS
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Closomev B243Gev  14Gev undulator Prompt to completion: ~ 10 minutes

Rapid improvement in FEL performance
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We are still holding ourselves back in serious ways...

A field fragmented at every level

No shared data standards, no benchmarks

([ 1]
A /Al expertise in tiny isolated groups = These are the problems ARTIFACT was built to solve

=

C Projects end, tools disappear

15 | A Ghribi MALAPA 2026 - Himeji - April 2026 ~~._ ARTIFACT

A. Ghribi



Ultra-efficient detection and
inference for extremely fast
processes

P

Gaps and Barriers:

« Scientific benchmarks

of experiments and facilities

Empower Al-guided holistic deﬁgﬂ « Data sharing/accessibility/management

« Computing infrastructure
« System integration & Al-ready platforms

<

N

and control of complex systems

Achieve automated optimization
and facilities

Synthesize information using Al

the facilities

« Workforce & multi-disciplinary teams
= \KEgonts to advance discovery acrossJ/g

DOE-SC Roundtables:
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Direct cross-facility algorithm use of trained models/controllers is not as “crazy” as it sounds

14th International Particle Accelerator Conference,Venice, Italy JACoW Publishing
ISBN: 978-3-95450-231-8 ISSN: 2673-5490 doi: 10.18429/JACoW-IPAC2023-THPL029

BEAM TRAJECTORY CONTROL WITH LATTICE-AGNOSTIC
REINFORCEMENT LEARNING

C. Xu*, E. Briindermann, A.-S. Miiller, A. Santamaria Garcia
Karlsruhe Institute of Technology (KIT), Karlsruhe, Germany
J. Kaiser, A. Eichler
Deutsches Elektronen-Synchrotron DESY, Hamburg, Germany
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Things are not as different as they seem: ML as another accelerator physicist’s tool
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Things are not as different as they seem: ML as another accelerator physicist’s tool
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Things are not as different as they seem: ML as another accelerator physicist’s tool
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Things are not as different as they seem: ML as another accelerator physicist’s tool
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Figure 2: Simulated closed loop data flow for the case of
the beam position monitors.

A

TUD3004 Proceedings of ICALEPCS2015, Melbourne, Australia

THE VIRTUAL EUROPEAN XFEL ACCELERATOR

Hardware |/O ‘;;'\ L2dinee o U3dina \ R. Kammering, W. Decking, L. Froehlich, O. Hensler, T. Limberg, S. Meykopff, K. Rehlich,
“lasomev B2a3Gev  14Gev  undulato V. Rybnikov, J. Wilgen, T. Wilksen, DESY, Hamburg, Germany

Digital twin — adaptive online model What's new: ML allows a level of speed/fidelity not previously
Virtual accelerator — comprehensive offline model achievable and easier sim2real + continuous calibration




Current status
* Substantial gains in modeling, control, and design are proven
- improvement in speed / solution quality range from several factors to orders of magnitude

* Many solutions in routine use > mostly for subsystems / individual tasks

* Infrastructure has been a major limiter (software, computing, data handling)

Moving toward more comprehensive treatment within facilities
* Accelerator and user side, chaining together multiple tasks, linking subsystems

Continuing momentum toward shared development and cross-facility Al/ML
* Community standards / co-development, cross-laboratory collaborative projects
* Much can transfer directly/indirectly = faster progress and increased reliability/robustness

Agents / frontier models clearly powerful and transformative (when used wisely)

Many applications closely tie accelerator physics and ML
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The field is steadily moving toward the shared vision of a fully AIML integrated particle accelerator
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